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Highlights

What are the main findings?

e  The climate in the upper reaches of the Irtysh River exhibits a warming and moistening
trend, with the NDVI showing an upward trajectory. The climate’s stimulating effect
on vegetation is evident, while human activities exert relatively weaker impacts.

e The North Atlantic Oscillation (NAO) and Arctic Oscillation (AO) are the primary
atmospheric circulation factors regulating climate and vegetation dynamics within
the basin.

What are the implications of the main findings?

e  As the warming and humidification process intensifies, the driving role of climate
factors in vegetation growth within the basin has become increasingly prominent.
e  Developing appropriate ecological measures in response to climate change is crucial.

Abstract

To effectively manage and conserve ecosystems, it is crucial to understand how vegetation
changes over time and space and what drives these changes. The Normalized Difference
Vegetation Index (NDVI) is a key measure of plant growth that is highly sensitive to climate
variations. Despite its importance, there has been limited research on vegetation changes
in the upper sections of the Irtysh River. In our study, we combined various datasets,
including NDVI, temperature, precipitation, soil moisture, elevation, and land cover. We
conducted several analyses, such as Theil-Sen median trend analysis, Mann-Kendall trend
and mutation tests, partial correlation analysis, the geographical detector model, and
wavelet analysis, to reveal the region’s pronounced warming and moistening trend in
recent years, the response relationship between NDVI and the climate, and the primary
drivers influencing NDVI variations. We also delved into the spatiotemporal evolution of
NDVI and identified key factors driving these changes by analyzing atmospheric circu-
lation patterns. Our main findings are as follows: (1) Between 1901 and 2022, the area’s
temperature rose by 0.018 °C/a, with a noticeable increase in the rate of warming around
1990; precipitation increased by 0.292 mm/a. From 1950 to 2022, soil moisture exhibited a
steady increase of 0.0002 m® m~3/a. Spatial trend distributions indicated that increasing
trends in temperature and precipitation were evident across the entire region, while trends
in soil moisture showed significant spatial variation. (2) During 1982 to 2022, the vegetation
greening trend was 0.002/10a, indicating a gradual improvement in vegetation growth in
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the study area. The spatial distribution of monthly average NDVI values revealed that the
main growing season of vegetation spanned April to November, with peak NDVI values
occurring in June-August. Combined with serial partial correlation and spatial partial
correlation analysis, temperatures during April to May effectively promoted the germi-
nation and growth of vegetation, while soil moisture accumulation from June to August
(or January to August) effectively met the water demand of vegetation during its growth
process, with a significant promoting effect. Geographical detector results demonstrate
that temperature exhibits the strongest explanatory power for NDVI variation, whereas
land cover has the weakest. The synergistic promotional effect of multiple climatic factors
is highly pronounced. (3) Wavelet analysis revealed that the periodic characteristics of
NDVI and climate variables over a 2-15-year timescale may have been associated with the
impacts of atmospheric circulation. Taking NDVI and climatic factors from June to August
as an example, before 2000, temperature was the dominant influencing factor, followed
by precipitation and soil moisture; after 2000, precipitation and soil moisture became the
primary drivers. The North Atlantic Oscillation (NAO) and Arctic Oscillation (AO) were
the primary atmospheric circulation patterns influencing vegetation variability in the re-
gion. Their effects were reflected in the inverse relationship observed between NAO/AO
indices and NDVI, with typical phases of high and low NDVI closely corresponding to
shifts in NAO and AO activity. This study helps us to understand how plants have been
changing in the upper parts of the Irtysh River. These insights are critical for guiding efforts
to develop the area in a way that is sustainable and beneficial for the environment.

Keywords: upper reaches of the Irtysh River; NDVI; warm and humidification trend;
geographical detector; atmospheric circulation

1. Introduction

Climate change is accelerating globally, with extreme weather events occurring more
frequently and posing substantial challenges to human societies and natural ecosystems.
Global warming has led to increased occurrences of heatwaves, droughts, and floods, and
is undermining ecosystem stability, threatening biodiversity, compromising food security;,
and affecting the sustainability of human development [1-4]. Under ongoing climate fluc-
tuations, vegetation systems are experiencing degradation in their capacity to provide key
ecosystem services, including the regulation of material and energy flows, conservation of
water, and control of wind erosion and sand movement [5-7]. These impacts are especially
pronounced in arid and semi-arid regions, where vegetation degradation has become a
widespread problem [8,9]. Given these conditions, systematic investigation of vegeta-
tion dynamics in these regions holds considerable scientific significance. Such research
can improve our understanding of vegetation responses to climate change in ecologically
vulnerable areas, provide a basis for optimizing ecological management practices, and
contribute to the maintenance of ecosystem stability.

The development of satellite and remote sensing technologies has made it much easier
to monitor vegetation over large areas and long time periods. Remote sensing platforms
such as Landsat, MODIS, AVHRR, and SPOT offer different advantages in terms of spatial,
temporal, and spectral resolution, and these have become important tools for vegetation
monitoring at both regional and global scales [10-14]. Using data from these platforms,
researchers have developed a variety of vegetation indices for monitoring purposes. Among
the most commonly used are the Normalized Difference Vegetation Index (NDVI), Ratio
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Vegetation Index (RVI), Difference Vegetation Index (DVI), Enhanced Vegetation Index
(EVI), and Leaf Area Index (LAI) [15-17].

The integration of multi-source remote sensing data has also improved temporal
resolution and observation continuity, offering benefits such as broad spatial coverage,
frequent revisit times, and a range of monitoring indicators [18]. This allows for a better
understanding of vegetation growth processes and the environmental factors influencing
them. Multi-source data fusion is now commonly used [19], producing various derivative
products—for example, NDVI datasets generated by combining AVHRR and MODIS ob-
servations [20,21]. NDVI does have limitations, including saturation in densely vegetated
areas and sensitivity to soil background and atmospheric effects [22,23]. However, it re-
mains among the most frequently used vegetation indicators because of its straightforward
calculation, reliability, and solid physical basis [24,25], making it a key tool in vegetation
monitoring and ecological studies.

Climatic factors drive vegetation growth and ecological processes. Temperature and
precipitation are the two main meteorological variables that directly affect vegetation
phenology and growth [26,27]. Soil moisture provides the immediate water source for
plants and is important for supporting vegetation growth and reducing environmental
stress [28,29]. Research has demonstrated that rising temperatures can lead to earlier
greening and longer growing seasons in high-altitude regions [30]. In arid and semi-arid
areas, precipitation represents the primary water input and generally exerts a stronger effect
on vegetation growth compared to temperature [31]. Since the early 2000s, accelerated
global warming has increased regional evapotranspiration, which has further amplified
the importance of water as a limiting factor for vegetation development. This trend
is more prominent in arid and semi-arid inland regions, where moderate precipitation
can effectively alleviate vegetation drought stress, and its regulatory role in vegetation
growth has been further amplified [32,33]. In addition, soil moisture deficit directly inhibits
vegetation photosynthesis and nutrient uptake, resulting in hindered vegetation growth and
a significant decline in ecosystem productivity [34]. Given the complex regulatory effects of
climatic factors (temperature and precipitation) and soil moisture on vegetation dynamics
in arid and semi-arid regions, as well as the sensitivity and vulnerability of vegetation
ecosystems in these regions under the background of global climate change, research on
vegetation dynamic assessment has become a hotspot in arid and semi-arid areas.

As one of the major water systems of the Altai Mountains, the Irtysh River is an
important transnational river in Central Asia [35]. Its upper reaches are located in Altay,
Xinjiang, China, with a drainage basin area of 4.8 x 10* km?, belonging to a typical inland
river basin in the arid region. This region contains extensive forest and water resources and
plays an important role in transboundary water allocation, ecological conservation, and
water resource management, as well as supporting sustainable agricultural and forestry
development [36]. However, research on long-term climate variability and vegetation
dynamics in the upper Irtysh River basin has been limited, particularly regarding how
these factors interact with each other. In this study, we examine the relationship between
vegetation and both climatic and non-climatic factors in the region and quantify the relative
contributions of key climatic factors.

The main objectives of this study are as follows: (1) to characterize the spatiotemporal
variations in temperature, precipitation, and soil moisture in the upper Irtysh River basin
over recent years, and to assess whether there is evidence of a warming and wetting trend
in the region; (2) to determine the long-term variation patterns in NDVI in the study area;
how temperature, precipitation, soil moisture, elevation, and land cover influence NDVI
dynamics; and the explanatory power of these different factors for NDVI; And (3) to deter-
mine how atmospheric circulation patterns—such as the North Atlantic Oscillation (NAO)
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and Arctic Oscillation (AO)—affect regional climate evolution and the dynamic changes in
vegetation growth. This study contributes new insights into the climate—vegetation rela-
tionships in the upper reaches of the Irtysh River and provides data support for developing
scientifically grounded ecological protection policies.

2. Materials and Methods
2.1. Study Area

The Irtysh River originates in the Altai Mountains of Xinjiang, China. Its main stream
flows northwestward along the southern foothills of the Altai Mountains, leaves China at
the Beiwan section of Habahe County, and eventually enters Kazakhstan [37]. The study
area encompasses the upper reaches of the Irtysh River within Chinese territory (Figure 1a),
spanning 85°31'-90°29' E and 46°50'—49°09’ N, with a drainage basin area of 4.8 x 10* km?
and a main channel length of 633 km.
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Figure 1. (a) Overview of the study area; (b) multi-year monthly average temperature and total
precipitation in the study area; (c) altitudinal gradient in the study area; (d) land cover in the
study area.
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The average elevation of the basin is 1790 m, with higher elevations in the northeast
and lower elevations in the southwest (Figure 1c) [38]. The upper Irtysh River basin exhibits
a temperate continental climate and is predominantly influenced by westerly winds [38].
The mean annual temperature is around 0 °C, while annual precipitation ranges from 180
to 260 mm. July is usually the warmest month, whereas January is the coldest. Summer
precipitation (June-August) is relatively abundant, accounting for about 40% of the annual
total, whereas precipitation in winter and spring is relatively low (Figure 1b). The northern
part is predominantly covered by forests and grasslands, while scattered croplands are
distributed in the southern part (Figure 1d). Other types in Figure 1d primarily refer to
bare ground, water body, or permanent snow and ice.

Runoff in the basin is mainly supplied by precipitation, snowmelt, and glacial meltwa-
ter. The flood season begins in spring, with peak discharge typically occurring between
April and June. The region is characterized by pronounced temperature fluctuations,
strong evapotranspiration, and high levels of solar radiation. Moisture sources are dom-
inated by the Atlantic Ocean, with occasional and minor contributions from the Arctic
Ocean. Due to orographic uplift associated with the surrounding mountains, the basin
receives adequate precipitation and supports rich forest resources. Vegetation is dense
in low-altitude river valleys and forest belts with sufficient water availability, while cov-
erage decreases considerably in high-altitude and cold areas. This pronounced spatial
heterogeneity along elevational gradients makes the region an ideal natural laboratory for
investigating climate—-vegetation interactions.

2.2. Data Sources
2.2.1. NDVI Data

This study employs the globally consistent NDVI dataset (1982-2022) with half-
monthly and 1/12° spatial resolution released by Li et al. [20]. The dataset accounts
for satellite orbital drift and sensor degradation, thereby reducing long-term observational
uncertainties. Through pixel-level random forest fusion, the temporal span of the GIMMS
NDVI3g dataset and high-quality global Landsat NDVI samples—together with MODIS
NDVI (MOD13C1)—was extended to 2022. A quality-control layer provided with the
dataset was applied as recommended, substantially improving data reliability. Owing to
its moderate spatial resolution, accuracy, and long time series, this dataset has been widely
used in studies of vegetation productivity, land-use change, and ecological restoration.
NDVI data for the study area were extracted and downloaded via the Google Earth Engine
(GEE) platform, and monthly NDVI values were generated using the maximum-value
composite method. To reduce noise in sparsely vegetated regions, a threshold of 0.1 was
adopted, and pixels with NDVI values below this threshold were excluded from statistical
analyses. Given its strong performance and data quality, this dataset has been extensively
validated and applied in regional and global vegetation change research, demonstrating
reliable and robust results [39-42].

2.2.2. Climate and Other Data

Climate data for this study are obtained from the Chinese 1 km (0.0083°) resolution
monthly precipitation and temperature datasets developed by Peng et al., spanning from
1901 to 2024 [43—45]. These datasets integrate global climate data (temperature and pre-
cipitation) at 0.5° resolution from the CRU and high-resolution global climate data from
WorldClim. The Delta spatial downscaling method is used to produce high-precision
downscaled data specifically for China. The dataset is validated through point-to-point
comparison with observations from 496 independent meteorological stations, significantly
enhancing its accuracy and reliability. Precipitation data are stored in 0.1 mm increments
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and temperature data are stored in 0.1 °C increments; users should multiply by 0.1 to
convert to standard units. Compared to traditional meteorological reanalysis products
(e.g., CRU 0.5°, ERA5 0.25°, and GLDAS 0.25°), this dataset provides higher spatial reso-
lution. The dataset covers the period from 1901 to 2024 and is regularly updated through
continuously optimized algorithms. Data are publicly accessible. By incorporating Digital
Elevation Models (DEMs) to correct for topographic effects, this dataset is particularly use-
ful for studying regional warming and wetting trends. Previous studies have applied it to
investigations of climate change and vegetation dynamics [46,47], such as works examining
the relationships between NDVI and GPP dynamics in response to climate variables [48,49].

Soil moisture data were obtained from the ERA5 reanalysis dataset. ERA5 is produced by
the European Centre for Medium-Range Weather Forecasts (ECMWF) and employs advanced
data assimilation techniques to improve model performance, providing high spatiotemporal
resolution with global coverage. Data are available from 1950 onward [50]. In this study, we
used monthly soil moisture data from 1950 to 2024 at a spatial resolution of 0.1° x 0.1°, focusing
on the Level 1 layer (0-7 cm depth). This layer corresponds to shallow soil moisture near the
surface and responds to surface water inputs from precipitation, snowmelt, ice melt, and runoff
processes. Soil moisture data at this depth are important for understanding vegetation growth,
ecological dynamics, and interactions between the land surface and atmosphere.

Elevation data were derived from the SRTM 90 m dataset, and land cover data were
obtained from the GlobeLand30 30 m land cover product. A summary of the data used in
this study is provided in Table 1. Although bilinear interpolation tends to smooth out local
extrema in the original data, it remains a relatively good sampling approach. Given the
inherent characteristics of the data, meteorological factors (temperature, precipitation, etc.)
and NDVI typically exhibit strong spatial continuity. Bilinear interpolation is thus more
aligned with the spatial evolution patterns of these variables. This study resampled gridded
data using bilinear interpolation to achieve a spatial resolution of 1/12° for temperature,
precipitation, and soil moisture data, consistent with NDVI. Elevation and land cover data
were resampled to 1/12° resolution using the nearest neighbor method.

Table 1. Data information.

Data Period/Time Spatial Resolution Tempm:al Source
Resolution
Earth System Science Data
NDVI 1982-2022 1/12° 15-day (https:/ /zenodo.org/records /8253971,
accessed on 8 October 2025)
National Tibetan Plateau/Third Pole
Precipitation 1901-2022 1/120° 1-Month Environment Data Center
(http://data.tpdc.ac.cn)
National Tibetan Plateau/Third Pole
Temperature 1901-2022 1/120° 1-Month Environment Data Center
(http://data.tpdc.ac.cn)
European Centre for Medium-Range
Weather Forecasts (https:
Soil moisture 19502022 1/10° 1-Month / /cds.climate.copernicus.eu/datasets/

reanalysis-era5-land-monthly-means,
accessed on 8 October 2025)

Elevation

https:/ /dwtkns.com/srtm/, accessed on

0m ) 8 October 2025

Land Cover

2020 30 m -

National Earth System Science Data
Center, National Science & Technology
Infrastructure of China
(http:/ /www.geodata.cn)
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2.2.3. Supplementary Data

As the study area lies on the eastern edge of Central Asia’s arid and semi-arid zones,
it is governed by the mid-latitude westerlies. Atmospheric circulation is dominated by
westerly winds [51], with moisture primarily sourced from the North Atlantic and its
transport systems [52], playing a pivotal role in water balance and climate variability. To
investigate the external climatic drivers of vegetation growth changes in the upper Irtysh
River region, the AO and NAO were examined from 1982 to 2022. These indices were
analyzed alongside the NDVI over the same period to reveal the long-term modulating
effects of large-scale circulation anomalies on regional vegetation dynamics. The AO
describes variations in atmospheric circulation patterns at mid-to-high latitudes in the
Northern Hemisphere. It influences polar cold air activity and affects the trajectories of
mid-latitude weather systems. Decadal-scale variations in sea surface temperatures over
the North Atlantic region characterize the NAO. The NAO influences the climate of the
Irtysh River basin by affecting the transport of energy and moisture by the westerlies
across the Eurasian continent; this influence subsequently modulates ecosystem processes
in the region. This study incorporates these atmospheric circulation indices as auxiliary
explanatory variables, aiming to elucidate the underlying climate mechanisms driving
inter-annual vegetation variability by assessing their correlation with NDVI time series.

In addition to these data, we use NCEP/NCAR reanalysis data, which provide
monthly atmospheric circulation fields starting from 1948. The dataset includes parameters
such as wind speed, specific humidity, and barometric pressure, which together describe
atmospheric circulation characteristics at both global and regional scales. From the 850 hPa
wind field and moisture data, we examine patterns of moisture transport during periods
of extreme vegetation growth in the upper Irtysh River basin (defined as periods with
extremely high or low NDVI values). The enhanced vegetation growth observed during
these periods could be related to anomalies in large-scale atmospheric circulation patterns.

2.3. Statistical Analysis
2.3.1. Trend Analysis

The Theil-Sen slope estimation is robust to outliers and does not assume a particular
data distribution. This method is suitable for long-term trend analysis. The Mann—Kendall
(MK) test is often used in conjunction with Theil-Sen estimation to evaluate the statistical
significance of detected trends [53,54].

In this study, we used the MK test to analyze trends in the three gridded time series.
When Sen’s slope was positive, this indicated an increasing trend for that variable at the
grid cell; a negative slope indicated a decreasing trend. We assessed the significance of
trends using p-values as the criteria. A trend was considered statistically significant at the
95% confidence level if p < 0.05; otherwise, it was regarded as non-significant (p > 0.05).
This approach allowed us to characterize the spatial distribution of changes throughout the
study region and determine which locations showed significant trends over time.

The calculation formulas for the Theil-Sen slope estimation and MK trend test
are below.

For a time series X = {x1, X2, . . ., X4}, the slope is estimated as:

. Xj—Xi . .
Slope = median =i ) Vi > i 1)
x; and Xj denote the i-th and j-th values in the time series X, respectively; “median”
represents the median value; and “Slope” denotes the slope. A slope > 0 and a slope

< 0 indicate that the time series X shows an increasing trend and a decreasing trend,
respectively, over the study period.
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For the time series X = {x1, x, .. ., X}, the sign function sgn is defined as follows:

Lxj—x>0
sgn(xj—x;) =4 0,x;—x;=0 ()
—1,x—x <0

We construct the statistic S as follows:

n-1 n
S=Y ) sgn(xj—x) 3)

i=1 j=it1
When n > 8, the statistic S approximately follows a normal distribution. Without
considering the presence of tied data points in the time series, its mean value satisfies
E(S) = 0 and its variance is given by Var(S) = n(n — 1)(2n + 5)/18.
We construct the standardized test statistic Z as follows:

S—1
Vs °7°
Z = 0, S=0 4)
S+1
Var(S)’ 5<0

where Var(S) denotes the variance in S. Assuming a significance level «, if |Z1 >Z;_, 5, it
indicates that the variation trend of the time series is significant (significantly increasing or
decreasing). Z1_,  is the value corresponding to the standard normal distribution table at
the confidence level «. When the absolute value of Z is greater than 1.65, 1.96, and 2.58, it
means the trend has passed the significance test at the confidence levels of 90%, 95%, and
99%, respectively.

Linear regression was used to fit time series data for NDVI, temperature, precipitation,
and soil moisture, which enabled us to calculate inter-annual trends in each variable.
This approach allowed us to assess the long-term patterns and directional trends of these
variables over time.

2.3.2. Mann—-Kendall Mutation Test

The Mann-Kendall (MK) mutation test is a commonly used climatic diagnostic method
for determining whether abrupt changes exist in climatic time series and for detecting the
time of their occurrence [55]. For a time series X = {x1, x5, ..., x, }, a statistic Sy is defined,
where Sy represents the cumulative number of cases where the j-th sample x; > x;(1 <i < j):

k
1, x; > x;
Se=Y ri,ri=2"" "i=1,2,...,;k=12,...,n (5)
];] j {0, xjéxi( j )

Assuming that the time series is random and independent, the mean and variance of
Sk are given by:

k(k—1)

-, Kk=D@k+5) ©

E(Sk) = o <

Var(Sg) =

We standardize Sy as follows:

up, - 1S —E(S))

Var(Sg) @

where UF; = 0. Given a significance level «, if | UF; | > Ua, it indicates a significant trend
change in the sequence. All UFj values can form a curve. This method is applied to the
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reverse sequence, where the reverse sequence x;, X,_1, ..., x1 is denoted as xy, x5, .. ., X'y
r j represents the cumulative count of cases where the j-th sample x; > x; (j <7 < n). When

j/=n+1—jand 7]- =1}, the UB of the reverse sequence is given by:
UBy = —-UF, K =n+1—j...j,/=12,...n 8)

where UB; = 0. UBy is not equal to the negative value of UFy, but is calculated based on the
reverse sequence.

2.3.3. Partial Correlation Analysis and Geographical Detector Model

Multiple climatic factors influence vegetation changes, including temperature, precipi-
tation, and soil moisture. These factors exhibit a certain degree of autocorrelation, which
must be eliminated before assessing their impact on NDVI. This study employs partial
correlation analysis to investigate the partial correlation between NDVI and temperature,
precipitation, and soil moisture, using t-tests to evaluate the significance of the partial
correlation coefficients [56].

The geographical detector is an open-source spatial data analysis model that assesses
the similarity of spatial distributions between two variables based on spatial hierarchical
heterogeneity [57]. We selected the drivers from Table 1 and utilized the factor detector and
interaction detector to analyze the underlying drivers of vegetation dynamics.

2.3.4. Wavelet Analysis

Wavelet analysis, particularly the Continuous Wavelet Transform (CWT), decomposes
time series signals into wavelet functions across multiple scales to reveal local signal
features at different temporal scales. The method exhibits good time—frequency localization
characteristics, enabling the capturing of local time—frequency properties in signals by
applying scale transformations and time shifts [58,59]. We selected Morlet wavelets in this
study to identify and analyze potential quasi-periodic oscillations in vegetation and climate
time series, which helped to reveal their dynamic time—frequency characteristics.

Cross-wavelet transform (XWT) combines the advantages of wavelet analysis and
cross-spectral analysis, allowing us to examine the co-oscillation features and their sig-
nificance between two time series in the time—frequency domain [60]. Wavelet coherence
analysis (WTC) normalizes the wavelet spectrum, thereby improving sensitivity to low-
energy signals [61]. This normalization provides a more reliable measure of consistency
and correlation between two time series at different time scales.

We apply wavelet analysis to examine correlations between vegetation changes and
climatic factors (temperature, precipitation, and soil moisture) in the Irtysh River basin
across different time scales and frequencies. Our objective is to characterize how vegeta-
tion responds to climatic fluctuations and to determine the mechanisms responsible for
these responses.

3. Results
3.1. Spatiotemporal Variation Characteristics of Climatic and Hydrological Elements

In the study area, the average temperature was relatively high in the low-altitude
southern regions (Figure 2a) and low in the high-altitude northern and northeastern re-
gions. Sen-slope analysis revealed a significant increasing trend (p < 0.05) across all pixel
areas (Figure 2b): the highest warming amplitude was observed in the easternmost and
westernmost parts, followed by a slightly lower amplitude in the northern region, and
the lowest in the central and southern regions. In terms of precipitation (Figure 2c,d),
the annual total precipitation was the highest in the northwest and relatively low in the

https://doi.org/10.3390/1s18030482


https://doi.org/10.3390/rs18030482

Remote Sens. 2026, 18, 482 10 of 26

eastern and southeastern parts of the study area. The vast majority of areas showed a
significant upward trend. Regarding soil moisture content (Figure 2e,f), it was relatively
high in the high-altitude northern and northeastern regions and low in the low-altitude
southern regions. Most areas demonstrated an upward trend, with a small portion showing
a downward trend. The northwestern region exhibited a more significant increase in soil
moisture content.

a Average temperature for 1901-2022 (°C) b Mann-Kendall test for Temperature
49°N 49°N -
48°N— 48°N—
47°N 47°N 50 km
T T T T T T T T T T
86°E 87°E 88°E 89°E 90°E 86°E 87°E 88°E 89°E 90°E
— . . —— : X : e e——
—-14 -10 -6 -2 2 6 0.015 0.016 0.017 0.018 0.019 0.020
c Average precipitation for 1901-2022 (mm) d Mann-Kendall test for Precipitation
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Figure 2. Spatial distribution and trend analysis of long-term average temperature, annual precipi-
tation, and soil moisture. (a) Spatial distribution of average annual temperature during 1901-2022;
(b) Mann-Kendall test for temperature; (c) spatial distribution of average annual total precipitation
during 1901-2022; (d) Mann-Kendall test for precipitation; (e) spatial distribution of average soil
moisture during 1950-2022; (f) Mann-Kendall test for soil moisture. Dots indicate p < 0.05.

The results of the Mann-Kendall mutation test revealed that the multi-year warming
trend in the basin was 0.018 °C/a (Figure 3a,d), with an abrupt change occurring around
1988: the warming rate was 0.005 °C/a during 1901-1988 and it rose to 0.019 °C/a during
1989-2022, indicating a markedly accelerated warming trend (the latter rate was approxi-
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mately 3.8 times that of the former). In terms of precipitation, the multi-year wetting trend
in the basin was 0.292 mm/a (Figure 3b,e), with fluctuations observed around 1975. Based
on the forward and backward curve trends, this was a normal fluctuation in the data, and
the overall moisturization process did not accelerate significantly. Regarding soil moisture
content, the multi-year change trend in the basin was 0.0002 m® m~3/a (Figure 3c,f), with
rapid growth in the early period and a gradual stabilization in the later period. Overall, the
Irtysh River basin experienced a distinct warming and wetting process during 1901-2022.

6

1a — UF (Tmp) — UB (Tmp) b — UF (Pre) — UB (Pre) C — UF (Sm) — UB (Sm)

8
) ) o 3
= = =
4 : 3
N N N o4

0

-4 T T T T T T v T T | —4 T T — { —T T ] -3 T T T T T !
1900 1925 1950 1975 2000 2025 1900 1925 1950 1975 2000 2025 1950 1975 2000 2025
Year Year Year

4 d — Temperature (°C) 400 € — Precipitation (mm) - 1 f —— Soil moisture (m* m?)
s —— Linear fit, slope =0.018 ~ — Linear fit, slope =0.292 7,032 — Linear fit, slope =0.0002
1< 24 —— Pre-mutation linear fit, slope = 0.005 E '_,E
:: Post-mutation linear fit, slope =/0.019 = 300 4 é
E 5 2 028

o
g £200 g 024
) 33 =
"2 B % 020
T T T T T T T T T 1 100 T T T T T T T T T 1 ' T T T 1
1900 1925 1950 1975 2000 2025 1900 1925 1950 1975 2000 2025 1950 1975 2000 2025
Year Year Year

Figure 3. Mann-Kendall mutation tests and linear trends of temperature, precipitation, and soil mois-
ture. (a) Mann-Kendall mutation test of temperature; (b) Mann-Kendall mutation test of precipitation;
(c) Mann-Kendall mutation test of soil moisture; (d) linear fitting of temperature; (e) linear fitting of
precipitation; (f) linear fitting of soil moisture. The horizontal dashed lines in panels (a—c) indicate the
95% confidence level, and the vertical dashed lines in panels (d,e) mark the demarcation of potential
abrupt change years.

3.2. Characteristics of Vegetation Change

Based on the multi-year average NDVI values of vegetation in the study area
(Figure 4a), the highest NDVI values were observed in the high-altitude northern regions,
while lower values were recorded in the low-altitude southern regions, and the lowest
values occurred in the mid-altitude central regions with a northwest-southeast orientation,
meaning overall vegetation coverage in the central and southern regions was inferior to
that in the north; the zonal mean curve in Figure 4a revealed that vegetation coverage im-
proved with increasing latitude (evidently superior in high-latitude regions), whereas the
meridional mean curve indicated moderate- and low-fluctuation variations in vegetation
coverage along the longitudinal direction. Kernel density analysis (Figure 4b) showed two
distinct peaks in the NDVI distribution: the first at 0.455 (representing the average NDVI
level in high-value northern regions) and the second at 0.188 (corresponding to the average
level in low-value southern regions). The regional average NDVI was 0.355 (minimum:
0.123; maximum: 0.629; standard deviation: 0.135); the line chart of regional average NDVI
showed an increasing trend from 1982 to 2022, with a fitted line of y = 0.0002x — 0.1019 and
a correlation coefficient (r) of 0.162, indicating a growth rate of 0.002/10a—though modest,
this still reflected improved vegetation coverage in the region.
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Figure 4. (a) Spatial distribution of average NDVI values from 1982 to 2022; (b) kernel density
distribution of NDVT; (c) inter-annual variation trend of NDVI.
The vegetation distribution in the basin from 1982 to 2022 (Figure 5) showed that the
main growing season of vegetation lasted from April to November, while December to
March of the following year was a distinct non-growing season. April marked the germina-
tion period of vegetation growth, during which NDVI in the basin was at a relatively low
level throughout the year; in May, vegetation coverage gradually spread from the south to
the north, and NDVI values increased accordingly. June to August represented the annual
peak period of NDVI. From September to November, vegetation in the basin showed a
distinct decline, with NDVI values gradually decreasing.
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Figure 5. Spatial distribution of monthly average NDVI values from 1982 to 2022.
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3.3. Response of Vegetation Growth to Climate and Hydrology

The partial correlation analysis results between monthly NDVI and simultaneous
temperature, precipitation, and soil moisture content in the watershed (Figure 6a) indicate
that during the early vegetation growth stage (spring, March-May), NDVI exhibits a
high positive correlation with concurrent temperature compared to precipitation and
soil moisture content. Specifically, the gradual warming during spring (March to May)
promotes the emergence and growth of vegetation. In July and August, NDVI also exhibits
significant positive correlations with both temperature and soil moisture. Taking the
average values from April to May, NDVI shows a significant positive correlation with
temperature. The correlation between precipitation and NDVI remains non-significant
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Figure 6. Partial correlation analysis between NDVI and temperature, precipitation, and soil moisture.
(a) Partial correlation between NDVI and simultaneous temperature, precipitation and soil moisture;
(b) partial correlation between NDVI from June to August and antecedent temperature, precipitation
and soil moisture. C3 denotes March; similarly, C4C5 represent April-May, and so on.

Summer NDVI (June to August) showed positive correlations with soil moisture
during the preceding period (January to May) (Figure 6b). Its correlations with temperature
and precipitation were relatively weaker. The correlation between NDVI and soil moisture
gradually decreased from February to May. Summer NDVI showed significant positive
correlations with monthly (July and August) temperature and soil moisture, while its
correlation with precipitation was weaker. Considering cumulative effects, summer NDVI
also exhibited significant positive correlations with the average temperature and average
soil moisture from June to August, while its association with precipitation was negative
during this period. Correlations with average climatic elements from January to August
indicated a significant positive correlation with soil moisture, while associations with
temperature and precipitation were weaker.

Partial correlation analysis based on regional averages partially lost spatial represen-
tativeness, and the influence of climatic factors on NDVI also exhibited spatial variation.
We further analyzed the spatial differences in the association between NDVI and climatic
factors. Partial correlation analysis between April-May NDVI averages and corresponding
temperature, precipitation, and soil moisture (Figure 7) revealed the following: Tem-
perature was the primary driver of vegetation growth—most areas in the study region
showed positive correlations (Figure 7a), with positive correlation pixels accounting for 88%
(predominantly significant positive correlations) and negative correlation pixels for 12%.
Regarding land cover (Figure 7d), positive correlations were observed across all five land
cover types. Regarding elevation gradients (Figure 7g), NDVI showed stronger associations
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with temperature below 2000 m in elevation; precipitation primarily exerted a negative
influence on vegetation growth (Figure 7b), with negative correlations covering 66% of
areas and positive correlations only 34%. Even when categorized by land cover and eleva-
tion (Figure 7e,h), negative correlations predominated, with only regions below 1000 m in
elevation and wetland regions showing weak positive correlations. Soil moisture exhibited
distinct spatial variations in its impact on vegetation growth (Figure 7c), with positive
correlations covering 69% of areas and negative correlations 31%. Categorized analysis
(Figure 7f,i) indicated that wetlands may show negative correlations, while most other
areas exhibited positive correlations. Regions with an elevation above 2000 m exhibited
relatively higher positive correlations.
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Figure 7. Spatial partial correlation analysis of NDVI averages for April-May with corresponding
temperature, precipitation, and soil moisture, along with the distribution of partial correlation
coefficients with land cover type and elevation. (a) Spatial distribution of partial correlation between
NDVI and temperature; (b) Spatial distribution of partial correlation between NDVI and precipitation;
(c) Spatial distribution of partial correlation between NDVI and soil moisture; (d) Partial correlation
between NDVI and temperature across different land cover types; (e) Partial correlation between
NDVI and precipitation across different land cover types; (f) Partial correlation between NDVI and
soil moisture across different land cover types; (g) Partial correlation between NDVI and temperature
across different altitude gradients; (h) Partial correlation between NDVI and precipitation across
different altitude gradients; (i) Partial correlation between NDVI and soil moisture across different
altitude gradients. Dots indicate p < 0.05.

The partial correlation analysis between the average NDVI values from June to August
and temperature, precipitation, and soil moisture from January to August (Figure 8) further
highlights the role of soil moisture. The impact of temperature on vegetation growth
exhibits significant spatial variation (Figure 8a), with positive correlations covering 61% of
the area and negative correlations accounting for 39%. Classification analysis (Figure 8d,g)
indicates that wetland and cropland show higher positive correlations. Positive correlations
are slightly more prevalent at 1000-3000 m elevation than at other altitudes. Precipitation
primarily exerts a positive influence on vegetation growth (Figure 8b), with positive corre-
lations covering 76% of the area and negative correlations accounting for 24%. Categorical
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analysis (Figure 8e,h) reveals that positive correlations with NDVI are relatively similar
across different land cover types, with slightly higher positive correlations at 1000-2000 m
elevation compared to other zones. Soil moisture primarily promotes vegetation growth
positively (Figure 8c), covering 72% of the area, while negative correlations account for
28%. Categorical analysis (Figure 8f,i) indicates that shrubland and grassland areas exhibit
slightly higher positive correlations, while regions below 2000 m also show relatively higher
positive correlations.
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Figure 8. Spatial partial correlation analysis of NDVI averages for June-August with temperature, pre-
cipitation, and soil moisture from January to August, along with the distribution of partial correlation
coefficients with land cover type and elevation. (a) Spatial distribution of partial correlation between
NDVI and temperature; (b) Spatial distribution of partial correlation between NDVI and precipitation;
(c) Spatial distribution of partial correlation between NDVI and soil moisture; (d) Partial correlation
between NDVI and temperature across different land cover types; (e) Partial correlation between
NDVI and precipitation across different land cover types; (f) Partial correlation between NDVI and
soil moisture across different land cover types; (g) Partial correlation between NDVI and temperature
across different altitude gradients; (h) Partial correlation between NDVI and precipitation across
different altitude gradients; (i) Partial correlation between NDVI and soil moisture across different
altitude gradients. Dots indicate p < 0.05.

3.4. Geographical Detection of Factors Influencing the NDVI

The factor detection results from the geographical detector (Figure 9a) reveal signifi-
cant differences in the explanatory power (q-value) of various driving factors for NDVI:
temperature (TEM) exhibits the strongest explanatory power (q = 0.638), followed by el-
evation (DEM) and soil moisture (SM). Precipitation (PRE) and land cover (LC) exhibit
relatively weaker explanatory power.

Interaction detection results (Figure 9b) indicated that all factor interactions exhib-
ited “enhancement-type” effects: the interaction between temperature and soil moisture
showed the highest explanatory power (q = 0.707), with most interactions being bilinear
enhancements (yellow); only the interaction between elevation and precipitation displayed
a nonlinear enhancement (red, q = 0.491). This indicates that the explanatory power of
NDVI through multi-factor synergistic interactions significantly exceeds that of individual
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Explanatory Power (q value)

factors, reflecting the complexity of the driving mechanisms. The synergistic promotion
effect of multiple climatic factors far exceeds that of other non-climatic factors.
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Figure 9. Individual effects of driving factors on NDVI and their interaction effects. (a) Factor detection
of driving factors for NDVI change; (b) Interaction detection of driving factors for NDVI change.

3.5. Climate Fluctuation and Its Impact on Vegetation

From 1901 to 2022, the upper Irtysh River basin experienced significant warming
and increased moisture, profoundly shaping regional vegetation dynamics. Spatially,
higher-elevation northern areas exhibited elevated vegetation indices (NDVI) and soil
moisture, while lower-elevation southern regions showed higher temperatures but reduced
vegetation cover, reflecting elevation-driven redistribution of water and heat resources.
Temporally, vegetation growth exhibited distinct seasonal rhythms (growing season: April-
November). Spring temperatures (March-May) primarily influenced vegetation emergence
and growth, while summer vegetation growth (June-August) depended on both concurrent
and preceding soil moisture. The geographical detector results confirmed temperature as
the strongest explanatory factor for NDVI variation (q = 0.638), followed by elevation and
soil moisture.

Notably, the Mann-Kendall mutation test revealed asynchrony in climate change:
temperature underwent a sharp shift around 1988 (warming rate accelerated 3.8 times),
while precipitation and soil moisture showed no significant abrupt change points. This
phenomenon aligned with the IPCC Sixth Assessment Report, which attributed the acceler-
ation of global warming after the 1980s to anthropogenic greenhouse gas emissions [62].
The study area, situated in a high-latitude and high-altitude region, is susceptible to these
changes. Although ERAS shallow soil moisture data (0-7 cm) were used to study the impact
on vegetation, research indicates that in arid /semi-arid regions, deep-rooted vegetation
relies on deep soil moisture (>30 cm) [63]. Shallow data may have underestimated the
actual available water for vegetation, thereby reducing the accuracy of NDVI-soil moisture
correlation analyses.

The synergistic enhancement effect between temperature and soil moisture (q = 0.707)
highlights the coupled regulatory role of the energy—water balance on vegetation. These
findings guide ecological management: under ongoing climate change, differentiated
strategies based on topographic gradients are needed to enhance ecosystem resilience.

3.6. Wavelet Analysis Reveals Quasi-Periodic Variations in the Vegetation—Climate System

Morlet wavelet analysis revealed that the time series of temperature (1901-2022),
precipitation (1901-2022), soil moisture (1950-2022), and NDVI (1982-2022) in the basin col-
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lectively exhibited certain quasi-periodic variation characteristics (Figure 10a-d). The long-
term variation patterns of climate and vegetation may have been synergistically regulated
by large-scale air-sea oscillations (e.g., ENSO, NAO, and AO) and changes in high-latitude
circulation [64,65]. Specifically, climatic teleconnections modified the spatiotemporal distri-
bution of regional temperature and moisture by influencing the atmospheric circulation
patterns and water vapor transport processes in mid-to-high-latitude regions, thereby trig-
gering periodic responses in the regional climate and vegetation ecosystem. Among these
factors, the alternating positive and negative phases of AO and NAO were key circulation
drivers of quasi-periodic fluctuations in climate and NDVI within the study area: these two
oscillations regulated the intensity of the westerly belt and the southward extent of polar
cold air, thereby affecting the regional heat and moisture budgets [66,67].
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Figure 10. Wavelet analysis of NDVI with temperature, precipitation, and soil moisture. (a) Wavelet
power spectrum of annual mean temperature; (b) wavelet analysis of annual total precipitation;
(c) wavelet analysis of annual mean soil moisture; (d) wavelet analysis of annual mean NDVI;
(e) cross-wavelet transform of NDVI and temperature (Jun—Aug); (f) wavelet coherence of NDVI
and temperature (Jun—-Aug); (g) cross-wavelet transform of NDVI and precipitation (Jun—-Aug);
(h) wavelet coherence of NDVI and precipitation (Jun—-Aug); (i) cross-wavelet transform of NDVI and
soil moisture (Jun—Aug); (j) wavelet coherence of NDVI and soil moisture (Jun—Aug); (k) correlation
coefficients between NDVI from June to August and temperature, precipitation, and soil moisture in
different periods. The symbol — indicates that the two variables have the same variation phase, and
+ indicates the opposite variation phase. The symbol * indicates p < 0.05 and ** indicates p < 0.01.

From a periodic perspective, the 2-7-year cycle is consistent with the typical ENSO
oscillation cycle, indicating that climatic and vegetation changes in this region may be
influenced by teleconnections associated with anomalous sea surface temperatures in
the Pacific Ocean. In contrast, the 8-15-year periodic characteristic is similar to the low-
frequency variations in NAO and AO, reflecting the modulating effect of mid-to-high-
latitude atmospheric circulation oscillations on the regional climate system. These multi-
timescale periodic response characteristics reveal that climatic and ecosystem changes in
the basin are the combined result of remote forcing from tropical air-sea interactions (e.g.,
ENSO) and high-latitude circulation dynamics (e.g., NAO and AO). However, there are
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significant differences in the temporal spans of data for different variables (with NDVI
records being the shortest at 41 years), which may reduce the ability to detect long-period
signals exceeding 10 years and make it difficult to completely exclude interference from
random fluctuations in short time series on cycle identification. Caution is therefore
warranted when determining the driving mechanisms of periodic variations in climatic
elements and NDVL

Taking climatic elements and NDVI from June to August as an example (1982-2022),
the results of cross-wavelet and wavelet coherence analysis (Figure 10e—j) indicated that the
conjugate characteristics before 2000 were most pronounced for temperature, whereas those
after 2000 were dominated by moisture elements (including precipitation and soil mois-
ture). From the wavelet analysis results of temperature, the main conjugate characteristics
appeared before 2000, with a quasi-period of 2-3 years (Figure 10e—f). Cross-wavelet analy-
sis of precipitation (Figure 10g) revealed that precipitation significantly preceded NDVI
during 2010-2022, indicating that precipitation promoted vegetation growth. Wavelet
coherence results (Figure 10h) confirmed this relationship, which first appeared around
2000 and intensified between 2000 and 2020, indicating that precipitation became a primary
driver of NDVI variations after 2000. Soil moisture (Figure 10i—j) showed similar effects
on NDVI, but cross-wavelet analysis detected this influence only sporadically because of
its methodological limitations. In contrast, wavelet coherence analysis showed that soil
moisture maintained a positive correlation with NDVI for most of the study period.

We divided the time series into two periods (1982-2000 and 2001-2022) and analyzed
correlations separately for each (Figure 10k). During 1982-2000, temperature dominated the
relationship: NDVI was positively correlated with temperature (p < 0.05) and soil moisture,
but negatively (albeit weakly) with precipitation. After 2000, moisture factors became
more important. Temperature-NDVI correlations weakened, while both precipitation
and soil moisture showed strong positive (p < 0.01) correlations with NDVI. Over the full
study period, vegetation was more sensitive to moisture than to temperature, and soil
moisture was the principal driver of vegetation growth and NDVI variability. This pattern
is similar to other research findings; for instance, Zhang et al. (2021) found that vegetation
in arid regions of northwest China responded more strongly to precipitation [68]. Moderate
precipitation levels have maintained favorable soil moisture conditions.

4. Discussion
4.1. Long-Term Effects of NAO and AO on NDVI Dynamics

Figure 11a compares the variations in regional NDVI with the NAO and AO from
1982 to 2022. It shows a significant negative correlation between regional NDVI and NAO
(r = —0.529, p < 0.01) and also AO (r = —0.394, p < 0.05). This finding is consistent with
Liu et al.’s work on spatiotemporal vegetation patterns in the mid- and lower reaches of
river basins in China, where they similarly found a negative impact of NAO on NDVI [69].
After controlling for temperature, precipitation, and soil moisture climate variables, partial
correlation results indicate that a significant negative relationship persists between NDVI
and NAO/AO (Figure 11b). This result indicates that the regulation of regional vegeta-
tion changes by NAO/AO is not solely mediated through local direct drivers, namely
temperature, precipitation, and soil moisture conditions. They may also exert indirect
effects via alternative pathways—such as modifying solar radiation (cloud cover) distri-
bution, regulating snowpack freeze-thaw dynamics, and altering vegetation phenological
rhythms—thereby reshaping the spatiotemporal patterns of regional NDVL
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Figure 11. Comparison and wavelet analysis of NDVI with the NAO and AO indices. (a) Comparison
of NDVI with NAO and AO; (b) partial correlation between NDVI and NAO, AO; (c) cross-wavelet
transform between NDVI and NAQO; (d) wavelet coherence between NDVI and NAO; (e) cross-
wavelet transform between NDVI and AO; (f) wavelet coherence between NDVI and AO. The symbol
* indicates p < 0.05 and ** indicates p < 0.01. The symbol — indicates that the two variables have the
same variation phase and < indicates the opposite variation phase.

Wavelet analysis results (Figure 11c,d) showed clear covariation patterns between
NAO and NDVI at inter-annual to interdecadal scales, with an anti-phase relationship
being the dominant feature: stronger positive NAO phases matched with declining regional
NDVI, while stronger negative NAO phases coincided with increasing NDVI. Similarly,
AO and NDVI exhibited significant covariation at inter-annual to interdecadal scales
(Figure 11e,f), also with a predominantly anti-phase relationship—specifically, amplified
positive AO phases coincided with reduced NDVI, while intensified negative AO phases
led to an increase in NDVI. Based on correlation or partial correlation analysis and wavelet
analysis results, NDVI exhibited significant long-term negative correlations with the NAO
and AQ, highlighting the complexity of these large-scale circulation indices in regulating
regional vegetation dynamics (NDVI) over extended periods.

The study area is subject to long-term influence from westerly circulation. The multi-year
average distribution characteristics of water vapor (Figure 12a) demonstrate that the impact
of mid-latitude westerlies on regional water vapor transport is significantly stable; during
the vegetation growing season (June—August), the sustained effect of mid-latitude westerlies
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maintains a stable state of water vapor influx into the study area (Figure 12b). To further
elucidate the coupling mechanism between water vapor budget and vegetation growth, this
study selected five high-value years and five low-value years from the summer (June-August)
NDVI average sequence during 1982-2022 and conducted a comparative analysis combining
the activity characteristics of AO and NAO as well as the basin’s water vapor budget status
(Figure 12¢,d). The results showed that during NDVI high-value years, the intensity of the mid-
latitude westerly belt weakened (negative NAO phase) and shifted southward, intersecting
with cold air advecting southward from the polar regions (negative AO phase).

1982-2022 (qu - qv) 850 hPa
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Figure 12. Water vapor budget for the annual average (1982-2022) and June-August periods, and years
with extreme NDVI values (1982-2022). (a) Annual water vapor transport during 1982-2022; (b) water
vapor transport in June-August during 1982-2022; (c) water vapor transport in the five years with
extremely high NDVI values in June-August during 1982-2022; (d) water vapor transport in the five
years with extremely low NDVI values in June-August during 1982-2022. The red circle in the figure
indicates the study area and (qu—qv) represents the composite water vapor wind field result.

This moderated summer heat extremes while generating substantial precipitation,
keeping soil moisture levels high throughout the growing season. Because this coincided
with the basin’s peak vegetation growth period, the combination of optimal temperatures
and ample water supply created favorable hydrothermal conditions that greatly enhanced
photosynthetic efficiency and provided strong environmental support for vegetation devel-
opment. By contrast, during years with low NDVI values, the AO activity center moved
northward, working in tandem with a poleward shift in the mid-latitude westerlies. This
altered the water vapor sources of the basin, leading to a significant reduction in water
vapor influx and subsequent insufficient local precipitation. Meanwhile, high-temperature
weather from June to August intensified vegetation transpiration, causing soil moisture
deficit. The imbalance in hydrothermal conditions ultimately inhibited vegetation growth.

4.2. Primary Drivers of Vegetation Greening

The upper Irtysh River basin exhibits a gradual greening trend (1982-2022 growth rate:
0.002/10a), consistent with trends observed in other Central Asian regions [54,70]. Combining
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results from geographical detector analysis reveals that this greening phenomenon is primar-
ily driven by multi-scale climatic factors, exhibiting distinct intra-annual and inter-annual
patterns: Intra-annually, it follows a “temperature-dominated, moisture-sustained” pattern:
warming in March-May promotes vegetation emergence, while cumulative soil moisture
from January to August satisfies water demands during the growth peak (June-August). At
the inter-annual level, soil moisture plays a pivotal role, while temperature and precipitation
exhibit time-varying influences: before 2000, temperature exerts greater dominance (with
precipitation even slightly negatively affecting vegetation when soil moisture is abundant).
After 2000, precipitation surpasses temperature as the dominant factor, with soil moisture
holding the strongest influence. This shift correlates with accelerated global warming in the
21st century, where warming intensifies regional transpiration, while moderate precipitation
increases soil moisture, alleviating drought stress. Furthermore, as a mid-to-high-latitude
arid/semi-arid region governed by the westerlies, the study area is significantly influenced
by large-scale circulation indices (NAO/AQO). Weakened NAO and AO enhance vegetation
indices (NDVI) by altering westerly intensity and polar air incursions through alternating
phase shifts, thereby regulating regional water vapor balance, temperature, and precipitation—
ultimately shaping vegetation growth. It should be noted that this section focuses solely
on climate drivers and excludes human impacts. Separate studies indicate that Xinjiang’s
vegetation has significantly improved in recent years under ecological policy support [71,72].

4.3. Implications for the Management of Agricultural and Forestry Resources

Given the pronounced warming and wetting trend and the ecological characteristic
of sustained vegetation greening in the upper reaches of the Irtysh River, combined with
the zonal attributes of this arid and semi-arid region, scientifically appropriate manage-
ment measures can effectively maintain the balance of the local ecosystem and enhance its
anti-interference and self-repair capabilities. For instance, based on the current warming
and wetting development trends and while taking into account practical issues such as
intensified transpiration induced by global warming since the 21st century, the moderate
promotion of drought-tolerant and cold-resistant cash crops and economic forests in the
study area can be carried out to improve the regional economic value on the premise of
ensuring ecological adaptability. In addition, in the process of advancing agricultural
development and strengthening the protection of forest resources, attention should also be
paid to optimizing the planting structure and implementing moderate forest tending mea-
sures to enhance the ecosystem’s capacity for water conservation, soil moisture retention,
drought resistance, and disaster reduction. Blind reclamation, unreasonable forest logging,
and other ecologically destructive activities must be resolutely prohibited.

4.4. Limitations and Future

Analysis in this research primarily focused on the driving effects of core climatic
elements, elevation, and land cover on vegetation growth, without accounting for distur-
bances from human activities and extreme events (e.g., wildfires, droughts, flash floods,
etc.). For instance, the upper reaches of the Irtysh River are a key region for ecological
protection and economic development. Under the long-term implementation of measures
such as afforestation, closed hillsides for afforestation, and the Three-North Shelterbelt
Program [73], regional vegetation coverage and forest health have been improved, carbon
sequestration capacity has been enhanced, and vegetation greening has been promoted,
with ecological benefits gradually emerging [74,75]. Meanwhile, agricultural reclamation,
water resource development, and urbanization processes have also altered the vegetation
growth pattern to a certain extent. These factors do not adequately account for observed
vegetation changes. Global warming has increased drought frequency and intensity in
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many regions, resulting in vegetation die-off and forest degradation. Large-scale vegetation
studies often miss these localized declines.

Future research should draw on NDVI and climatic datasets with finer spatial and tempo-
ral detail and expand the analysis to include factors such as human activities, socioeconomic
development, and major disturbance events. The application of advanced analytical methods,
including Geographically Weighted Regression (GWR) and Structural Equation Modeling
(SEM), can provide a more nuanced understanding of vegetation growth dynamics in the up-
per Irtysh River basin. Such work would offer a stronger scientific basis for guiding vegetation
conservation and ecological restoration efforts in this region.

5. Conclusions

This study employed NDVI data integrated with temperature, precipitation, soil
moisture, elevation, and land cover data. Utilizing the Theil-Sen median trend estimation
method, Mann-Kendall trend and mutation tests, partial correlation analysis, geographic
detector, and wavelet analysis, it examined long-term warming and humidification trends
in the upper Irtysh River basin. This study also described the spatiotemporal evolution
characteristics of NDVI and its primary drivers, while evaluating the mechanisms through
which climatic factors and atmospheric circulation influenced vegetation dynamics.

Results indicate significantly enhanced warming and humidification trends from
1901 to 2022: Spatial trend distributions reveal stronger increases in temperature and
precipitation, with a slightly weaker trend in soil moisture. Regional averages indicate that
annual mean temperature rose at a rate of 0.018 °C/a, with a marked acceleration in the
early 1990s; annual precipitation increased at a rate of 0.292 mm/a. Measured soil moisture
exhibited a steady upward trend of 0.0002 m® m~—3/a from 1950 to 2022.

From 1982 to 2022, NDVI consistently showed a greening trend of 0.002/10a, indicating
overall improvement in vegetation growth conditions within the watershed. The growing
season typically spans April to November, with NDVI peaks concentrated between June and
August. Regarding climate responses, while precipitation and soil moisture accumulation
from June to August (or January to August) ensure adequate water supply during the main
growing season, the spatial patterns of these correlations align with the aforementioned
responses, though they exhibit slight variations across different land cover types and
elevation gradients. Geographic detector analysis reveals that temperature explains NDVI
most strongly, while land cover shows the weakest explanatory power. The synergistic
promotion by multiple climate factors is particularly pronounced.

On the inter-annual scale, NDVI exhibits cyclical fluctuations with climate variables
ranging from 2 to 15 years, primarily regulated by atmospheric circulation. The correlation
patterns from June to August further reveal a shift in climate control mechanisms: tempera-
ture is the dominant driver before 2000, after which moisture-related factors significantly
increase in influence. The North Atlantic Oscillation (NAO) and Arctic Oscillation (AO)
emerge as key atmospheric circulation indicators influencing vegetation variability. Both
exhibit negative correlations with NDVI, with the occurrence of high- and low-NDVI
phases closely linked to fluctuations in NAO and AO activity.
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