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Abstract: Drought is a complex and recurrent natural disaster that can have devastating impacts on
economies, societies, and ecosystems around the world. In light of climate change, the frequency,
duration, and severity of drought events worldwide have increased, and extreme drought events
have caused more severe and irreversible damage to terrestrial ecosystems. Therefore, estimating the
resilience of different vegetation to drought events and vegetation’s response to damage is crucial
to ensuring ecological security and guiding ecological restoration. Based on meteorological and
remote-sensing datasets from 1982 to 2022, the spatial distribution characteristics and temporal
variability of vegetation were identified in the Yellow River Basin (YRB), the dynamic changes
and recurrence periods of typical drought events were clarified, and the driving effects of different
drought types on vegetation were revealed. The results indicated that (1) during the research period,
the standardized vegetation water-deficit index (SVWI) showed a downward trend in the YRB, with
a 99.52% probability of abrupt seasonal changes in the SVWI occurring in January 2003; (2) the
characteristic values of the grid trend Zs were −1.46 and 0.20 in winter and summer, respectively,
indicating a significant downward trend in the winter SVWI; (3) the drought with the highest severity
(6.48) occurred from September 1998 to February 1999, with a recurrence period of 8.54 years; and
(4) the growth of vegetation was closely related to drought, and as the duration of drought increased,
the sensitivity of vegetation to drought events gradually weakened. The research results provide a
new perspective for identifying vegetation’s dynamic changes and responses to drought, which is
of great significance in revealing the adaptability and potential influencing factors of vegetation in
relation to climate.

Keywords: vegetation dynamics; drought response; driving effect; remote-sensing technology; Yellow
River Basin (YRB)

1. Introduction

In a global context, the frequency, duration, and severity of future drought events are
projected to significantly increase [1–5]. Drought events not only impact the distribution
of water resources but may also alter eco-hydrological processes, affecting the normal
vegetation growth and thus causing damage to ecosystems [6–8]. As a vital component of
terrestrial ecosystems, vegetation is a key indicator of the energy transfer between land and
atmosphere, ecosystem services, and the global energy cycle [9,10]. Specifically, there are
significant differences in the resistance (i.e., sensitivity) of different types of vegetation to
drought [11]. Due to the complexity of eco-hydrological processes, vegetation’s responses
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to drought exhibit spatiotemporal heterogeneity and lag effects [12,13]. Unlike meteorolog-
ical and hydrological drought impacts on agriculture and water resources, vegetation is
more sensitive to intense and prolonged drought events [14–16]. Therefore, exploring the
escalating impacts of drought disasters on ecosystems, evaluating the drought response
characteristics of different vegetation types, and formulating targeted measures are crucial
to ensuring ecological security and sustaining ecosystem functions.

Precipitation serves as the primary water source for natural vegetation in arid and
semi-arid regions, making the response of vegetation to meteorological drought a long-
standing focal point in meteorology, hydrology, and ecology [17]. Vegetation, as a key
indicator of environmental changes at various scales, has the ability to modify surface
evapotranspiration, reflectivity, and roughness, playing a crucial role in energy exchange,
carbon cycling, climate change, and hydrological processes [18–20]. Moreover, influenced
by human activities and climate change, obvious alterations in hydrological characteristics
have occurred, leading to severe degradation of the water resource availability for vege-
tation growth worldwide and consequently exacerbating the impacts of meteorological
drought on vulnerable vegetation [21,22]. Traditional vegetation diagnosis methods mostly
choose the best-fitting model, ignoring the uncertainty or error range of the model, which
may make it difficult to effectively reflect the actual trends in time series changes. In this
study, the Bayesian Estimator of Abrupt Seasonal and Trend Change Algorithm (BEAST)
was used to aggregate many models into an average model and obtain the probability of
change at any given time point through ensemble learning, thus clearly describing various
uncertainties [23,24].

Terrestrial vegetation is a vital link in the global cycles of carbon, water, and en-
ergy [10,14,25]. Water availability permeates the entire growth process of vegetation and
is one of the momentous environmental factors influencing vegetation, particularly in arid
and semi-arid regions where vegetation growth is more water-limited [12]. Drought, as
one of the most destructive natural disasters worldwide, has a major impact on the carbon
sink function of terrestrial ecosystems, and is one of the crucial factors influencing vegeta-
tion changes on land [26,27]. Vegetation exhibits a high sensitivity to climate change, with
its growth being strongly affected by drought. Under current global changes, mounting
evidence suggests that the increasingly frequent drought events will significantly inhibit
terrestrial vegetation growth, causing more severe, prolonged, and irreversible damage to
terrestrial ecosystems [13,22,28,29]. The impact of meteorological drought on vegetation
varies with factors such as the vegetation type and the duration of drought, with different
regions and vegetation types having varying water requirements, exhibiting significant
spatial heterogeneity [14,16]. Prolonged meteorological drought can lead to a sharp decline
in vegetation’s water content, resulting in slow crop growth and reduced yields [30–32].
Therefore, clarifying the response characteristics of vegetation to meteorological drought
in different regions is of great significance in relation to mitigating the impact of mete-
orological drought on vegetation systems and formulating drought-resistant strategies
tailored to local conditions.

Temperature and precipitation are the most critical meteorological factors influencing
ecological vegetation changes, which are also key indicators for constructing drought
indices. For example, globally, temperature is the primary contributing factor to vegetation
changes [33]. In the central part of the Eurasian continent, the growth of spring vegetation
depends on the rapid increase in temperature, and during the growing season, it is mainly
driven by precipitation [34]. Using the Standardized Precipitation Evapotranspiration Index
(SPEI), Vicente-Serrano et al. analyzed the response characteristics of global vegetation to
meteorological drought and found a close relationship between the vegetation response
time and drought in 72% of vegetated areas globally [14]. Tietjen et al. suggested that the
increased sensitivity of vegetation to precipitation could lead to higher ecosystem risks [35].
At the regional scale, the effects of temperature and precipitation on ecological vegetation
vary [36]. Chu et al. found that vegetation in the northeastern part of Heilongjiang Province
was mainly affected by precipitation during the growing season, with temperature being the
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crucial factor concerning vegetation changes during spring, and that vegetation exhibited
a negative correlation with precipitation in autumn [37]. Nzabarinda et al. developed a
simple linear regression model to predict future vegetation conditions in Africa, helping
monitor and maintain ecosystem health by tracking changes in vegetation disturbance [38].
However, current research has little focus on vegetation feedback to drought processes in
terrestrial systems, resulting in the majority of vegetation responses to drought in terrestrial
systems being assessed using multivariate indices or vegetation remote-sensing indices,
which make it difficult to directly reflect the actual dynamic balance of the water supply and
demand for vegetation during drought processes [39,40]. Moreover, vegetation indices are
susceptible to the influences of floods, pests, fires, and hailstorms, making them potentially
suboptimal for reflecting vegetation drought stress [41]. It is necessary to construct an
index that can simultaneously reflect meteorological and hydrological conditions, as well
as the dynamic balance of the vegetation supply and demand for water, to monitor the
response status of vegetation to drought [42].

The Yellow River Basin (YRB) spans the northern, eastern, central, and western geo-
graphical tiers of China, which is an important cluster area for ecological barriers [43]. In
recent years, droughts have been frequent in the basin, with significant spatial heterogene-
ity in the vegetation distribution and varying responses of different vegetation types to
drought [5,31,40]. Previous studies have mainly focused on meteorological or hydrological
drought in the YRB, which may have overlooked the dynamic response of vegetation
to drought [44,45]. With global warming, there has been an increase in the frequency of
extreme climate events occurring in the YRB, exacerbating disaster losses and adversely
affecting vegetation growth [46,47]. Therefore, investigating the relationship between
extreme climate events and vegetation is important in terms of maintaining ecological
protection in the YRB. In light of this, the objectives of this study are (1) to identify the
dynamic changes of vegetation in the YRB from 1982 to 2022; (2) to analyze the trend
characteristics of vegetation at the spatial scale; (3) to elucidate the spatial distribution and
return period of typical droughts during the study period; and (4) to reveal the effects of
drought events on vegetation dynamics.

2. Study Area and Dataset
2.1. Study Area Description

The Yellow River originates in the Bayan Har Mountains in the western part of China
and has a total length of 5464 km, making it the second longest river in China. It flows
through nine provinces before finally emptying into the Bohai Sea. The YRB lies between
latitudes 32◦ to 42◦ north and longitudes 96◦ to 119◦ east, spanning the eastern, central,
and western regions of China, covering a total area of 795,000 km2, accounting for 8.3%
of China’s terrestrial area (Figure 1). Most parts of the basin are classified as arid or
semi-arid regions, with annual precipitation of less than 500 mm. Rainfall is scarce and
unevenly distributed, leading to severe water scarcity issues and frequent droughts [48].
The upstream region of the river source has an average elevation of over 4000 m, with
low temperatures and sparse precipitation. The middle reaches flow through the Loess
Plateau, where soil erosion and water loss are significant issues. The downstream area, with
an elevation below 100 m, is primarily composed of the Yellow River alluvial plain [49].
Based on the vegetation types, the YRB can be categorized into the Alpine Vegetation
Region (AVR), Temperate Desert Region (TDR), Temperate Grassland Region (TGR), Warm
Deciduous Broad-Leaved Forest Region (WFR), and Subtropical Evergreen Broad-Leaved
Forest Region (SFR) [50]. The basin has a limited number of rain-fed vegetation, with
plants primarily relying on soil water, groundwater, and artificial irrigation for moisture.
Considering these factors, studying the response of vegetation to drought is crucial for
understanding the ecological adaptation mechanisms, promoting regional water resource
management, and encouraging ecological conservation practices in the YRB.
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Figure 1. The geographical location (a), elevation (b) and annual average precipitation (c) of the YRB.

2.2. Dataset

The remote-sensing dataset used includes the Normalized Difference Vegetation In-
dex (NDVI), potential evapotranspiration (ET0), and actual evapotranspiration (ETa). The
NDVI data were obtained from the AVHRR GIMMS NDVI monthly remote-sensing dataset
(8 km × 8 km) provided by the National Earth System Science Data Center. After prepro-
cessing using ArcGIS software, the NDVI data were able to reflect the vegetation growth
condition and density in the YRB (1982–2022) [37]. The data were preprocessed and quality
controlled to ensure data integrity and logical consistency. The ET0 data were derived from
the monthly potential evapotranspiration dataset (1982–2022) released by the National
Tibetan Plateau Data Center (1 km × 1 km). The data were extracted and converted to Geo-
TIFF format prior to being clipped using ArcGIS software. The dataset was obtained based
on the Hargreaves potential evapotranspiration formula using the monthly mean temper-
ature, minimum temperature, and maximum temperature datasets (1 km × 1 km) [51].
The ETa data were sourced from the comprehensive actual evapotranspiration dataset
provided by Harvard University (1 km × 1 km). The monthly GeoTIFF files were first
merged together to ensure global coverage, and they then underwent the same processing
as the ET0 data to ensure consistency in the study area and numerical units [52]. The SPEI
data were obtained from the Centre for Environmental Data Analysis and were available at
a spatial resolution of 5 km for the period from 1982 to 2022 [53]. This dataset provided
important and valuable information for drought investigations at the regional and global
scales. Meteorological data (including precipitation) related to vegetation’s driving factors
were sourced from the Famine Early Warning Systems Network Land Data Assimilation
System (FLDAS) dataset, which included various climate-related variables and had global
coverage [54]. To ensure consistency in terms of resolution, the preprocessed datasets
were resampled to 8 km using the bilinear interpolation method, with the study period
covering 1982–2022.
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3. Methodology
3.1. Construction of Standardized Drought Index

The drought index constructed based on standardized methods possesses charac-
teristics such as spatial comparability, inclusion of probability information, simplicity of
calculation, and ease of interpretation [32,42]. The SPEI was selected as the meteorological
drought index. It is calculated by obtaining the cumulative probability values of the dif-
ference sequence between precipitation and potential evapotranspiration, followed by a
normalization process using the normal distribution [14,30]. Referring to the calculation
procedure for the SPEI, we developed the standardized vegetation water-deficit index
(SVWI). Firstly, based on the Surface Energy Balance System model, calculations and
derivations of the latent heat flux and evapotranspiration were performed using Python,
resulting in the vegetation water consumption (VWC). Secondly, the crop coefficient method
recommended by the Food and Agriculture Organization of the United Nations (FAO-56)
was employed to calculate the vegetation water requirements (VWR). By applying the
principle of water balance, the difference between the VWC and the VWR was obtained
as the vegetation water deficit (VWD). Probability distribution functions were then used
to fit the VWD. Subsequently, the accumulated frequency distribution of the VWD was
transformed into a standard normal distribution to derive the SVWI.

VWC = [1 − exp(−NDVI/NDVImax)]× ETa (1)

VWR = Kc × ET0 (2)

VWD = VWC − VWR (3)

Fyi =
∫ x

−∞
fyi(t)dt (4)

SVWI = Φ−1(Fyi) (5)

where NDVImax is the maximum NDVI under full vegetation cover; ETa is the actual evap-
otranspiration; Kc is the crop coefficient at different growth stages; ET0 is the potential
evapotranspiration; VWC, VWR and VWD are the vegetation water consumption, vegeta-
tion water requirements and vegetation water deficit, respectively; Fyi is the cumulative
probability; and SVWI is the standardized vegetation water-deficit index.

3.2. Bayesian Estimator of Abrupt Seasonal and Trend Change Algorithm (BEAST)

Based on the nonlinear and non-stationary characteristics of the vegetation and
drought time series, the Bayesian estimator algorithm BEAST is used to comprehensively
evaluate the dynamic changes of vegetation and drought. The BEAST algorithm decom-
poses the time series into the seasonal component, trend component and residual compo-
nent to detect the break points in the seasonal and trend components [23,24]. Suppose an
additive decomposition model can be used to iterate a piecewise linear model that matches
the seasonal and trend patterns:

Yt = St + Tt + Rt t = 1, . . . , n (6)

where Yt is the observation data at time t; St is the periodic components; Tt is the long-term
trend component; Rt is the remaining components; and t is the moment of observation.

3.3. Spatial Trend Identification Method

The spatial trend detection method, a non-parametric statistical test, is capable of
identifying the spatial trend characteristics within time series. It is based on the assumption
that the time series data are random and independent. Traditional time series trend tests
determine upward or downward trends based on the obtained statistical values. However,
they fail to capture continuous trend characteristics across spatial scales. The improved
spatial trend detection methods visually represent the spatial distribution of series trends
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and are not affected by the autocorrelation of individual series [30,55]. As a statistical
test value for spatial trend detection, the Zs, which is greater or less than 0, indicates that
vegetation is greening or yellowing, respectively. In this study, we employ the spatial trend
detection method to identify the gridded trend characteristics of vegetation in the study
area (1982–2022).

3.4. Cross-Wavelet Transform Technology

The wavelet transform is a localized analysis of time and frequency, refining signals
or functions at multiple scales through scaling and shifting operations to analyze the
multi-level time structure and local features of the signal. Cross-wavelet analysis combines
cross-spectral analysis with wavelet transform to analyze the resonance period and phase
relationship in the time–frequency domain with certain physical relationships [56]. The
wavelet coherence reflects the degree of coherence in the time–frequency space between
two time series, while the wavelet coherence spectrum is used to identify regions of
common variation in the time–frequency space of the two-time series [57]. In terms of
wavelet coherence, the Average Wavelet Coherence (AWC) and Percent Area of Significant
Coherence (PASC) are used to quantitatively evaluate the explanatory power of predictor
variables on response variables. Additionally, the theory of Partial Wavelet Coherency
(PWC) evolved from the theory of coherence analysis. If the coherence coefficient between
input signals is too high, using the coherence analysis method to identify noise sources may
result in significant errors. The PWC method takes this issue into account by eliminating the
influence between input signals before conducting the coherence analysis. Therefore, when
the influence between input signals is significant in relation to noise source identification,
the method of identifying noise sources using the partial coherence function can yield more
accurate results [58]. The Multiple Wavelet Coherence (MWC) is an analytical method for
testing the coherence between multiple signals, which can reveal the frequency domain
coupling between signals in complex systems. The calculation of the MWC is similar to that
of the PWC, as it requires incorporating information from multiple signals into the wavelet
transform and coherence calculation. The cross-wavelet spectrum can be represented as:

WXY
n (s) = WX

n (s)WY∗
n (s) (7)

where WY∗
n (s) is the complex conjugate of WY

n (s), s is the time series, and n is the length of
s. The larger the value of

∣∣WXY
n (s)

∣∣, the higher the cross-correlation coefficient.

4. Results
4.1. Changes in Vegetation Dynamics

Figure 2 illustrates the characteristics of the monthly SVWI variations in the YRB from
1982 to 2022. The regions with a more pronounced decreasing trend in the SVWI were
the AVR and SFR, with linear trend rates of −0.043/10a. The average SVWI values in
these regions were −0.003 and −0.005, respectively. The minimum SVWI values in these
two regions were observed in March 2022 (−2.12) and December 2022 (−1.90). Across the
entire basin, the linear trend rate of the SVWI was −0.017/10a, with the lowest SVWI value
(−1.81) occurring in February 2020. Throughout the study period, all the areas of the YRB
exhibited a declining trend in the SVWI, although the extent of the decline varied.

In addition to the monthly SVWI, the variation characteristics of the SVWI at different
decadal scales are shown in Figure 3. From the 1980s to the 2010s, the mean SVWI values
were 0.12, 0.13, −0.18, and −0.03, respectively. Specifically, the SVWI exhibited a gradual
decreasing trend in the 1990s and the 2010s, while it showed a gradual increasing trend in
the 1980s and the 2000s. In the 1980s, the lower SVWI values were mainly concentrated
in the TGR, while the higher values were primarily found in the AVR. Furthermore, the
mean SVWI value in the AVR decreased from 0.98 (in the 1980s) to −0.94 (in the 2010s),
resulting in a difference of 1.92 between them. From 1982 to 2022, the SVWI in the TGR
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showed a gradual upward trend. Therefore, the spatial distribution of the SVWI differed
across various decades.
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Based on the BEAST algorithm, the seasonal component, trend component, and
residual of the SVWI in the YRB from 1982 to 2022 are illustrated in Figure 4. Notably,
the gray envelope around the change points represents the 95% confidence interval for
the occurrence probability. The seasonal components exhibited periodic changes due to
phenological variations in vegetation growth. Specifically, there was a 99.52% probability
that a seasonal change point occurred in January 2003, with a confidence interval spanning
from December 2002 to April 2003. The mean SVWI values before and after this change
point were 0.25 and −0.27, respectively. For the trend change points, which typically
indicated abrupt greening or browning of vegetation over long study periods, there was
a 72.15% probability that a trend change point occurred in June 2002, with a confidence
interval from February 2002 to August 2003. The mean SVWI value declined from 0.26
before the change point to −0.28 after it. The trend component of the SVWI showed distinct
fluctuation patterns before and after this change point, and this component is of an increase
to decrease type.
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4.2. Spatial Trend Variations of Vegetation

Based on the spatial trend detection method, Figure 5 illustrates the characteristics
of the SVWI variation in the YRB from 1982 to 2022. From January to April, the SVWI
demonstrated a decreasing trend, with the mean values of the trend statistic Zs being −1.40,
−1.01, −0.39, and −0.73 (Figure 6). Conversely, from May to July, the SVWI showed an
increasing trend, with high values primarily occurring in the midstream and downstream.
The maximum Zs mean value (0.44) occurred in May, with the percentage of area exhibiting
an increasing SVWI reaching 69.63%. Subsequently, from August to December, the SVWI
exhibited a decreasing trend, with the Zs value reaching its minimum (−1.45) in October.
During these months, the percentage of area showing a decreasing SVWI was 97.81% in
December and 45.68% in August. It is noteworthy that the Zs values for all the zones in
October were less than −1.40, with the Zs value being −1.92 in the AVR. From spring to
winter, the mean Zs values of the SVWI in the YRB were −0.04, 0.20, −1.07, and −1.46,
respectively. Evidently, the most pronounced decrease in the SVWI occurred in winter, with
a percentage area of 94.26%.
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4.3. The Spatial Distribution and Recurrence Period of Drought

Based on the SPEI, the most severe drought in the YRB occurred in 1997, with an SPEI
value of −1.09. The spatial variation characteristics of the monthly and seasonal drought
in that year are shown in Figure 7. From January to April, the drought conditions were
not very pronounced, with only a few areas experiencing dry spells. In May, drought
began to appear in the WFR, with an SPEI value of −1.01 and a drought area percentage of
32.84%. The spatial distribution of the drought from June to September varied, with the
SPEI values ranging from −0.05 to −1.17 and the drought area percentage reaching 68.18%
in June. The most severe drought occurred in October, with the SPEI reaching a minimum
of −1.44. From November to December, the drought gradually eased, with the drought
area percentage being less than 1%. At the seasonal scale, autumn experienced the most
severe drought, with a drought area percentage of 74.64%. More importantly, the areas
most severely affected by drought were primarily concentrated in the WFR of the YRB.
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Copula functions were used to identify the joint return periods of the drought duration
and severity in the YRB, and the results are illustrated in Figure 8. In the AVR, TGR, and
YRB regions, the optimal copula function for the drought duration and severity was the
Frank copula. The number of drought events during the study period was 30, 49, and 45,
respectively. In the YRB, a drought event from September 1998 to February 1999 lasted
six months, with a severity of 6.48 and a return period of 8.54 years. Additionally, the
drought events from May 1997 to October 1997 and from November 2008 to April 2009 each
lasted six months, with return periods of between 5 and 10 years. In the AVR, the longest
drought duration and highest severity were 7 months and 7.48, respectively. In the TGR,
one drought event exceeded a 10-year return period. Generally, greater drought severity
corresponds to longer drought duration. In the TDR, WFR, and SFR, the optimal copula
functions were the Gaussian copula, Clayton copula, and Gumbel copula, respectively.
The average drought severities in these regions were 2.07, 2.17, and 2.45. In the TDR, one
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drought event (October 2008 to April 2009) had a return period of 10.89 years. Clearly, in
the YRB, higher drought severity is associated with longer drought duration.
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4.4. The Impacts of Drought Events on Vegetation Growth

Due to the self-regulating capacity of vegetation, meteorological drought does not nec-
essarily lead to vegetation water stress. Therefore, we separately compiled meteorological
drought events that did and did not cause vegetation water stress, and we calculated the
duration, severity, and severity peaks of these drought events (Figure 9). For the drought
duration, the mean duration of the drought events that caused vegetation water stress
(Type 1) was 2.63 months, while the mean duration of the drought events that did not cause
vegetation water stress (Type 2) was 1.36 months. In terms of the Type 1 drought events,
the longest duration (10 months) occurred from July 1986 to April 1987. Similarly, the mean
severities for Types 1 and 2 were 2.27 and 1.14, respectively. Regarding the severity peaks,
Type 1 exhibited a 25.22% higher severity peak compared to Type 2. In summary, Type
1 exhibited longer durations, greater severity, and higher severity peaks, indicating that
severe drought events were likely to have adverse effects on vegetation.
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Based on the drought duration, we classified the drought events into short-term
(1–2 months), medium-term (3–4 months), and long-term (greater than 4 months) events
(Figure 10). Across the various sub-regions of the YRB, the meteorological drought severity
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(MDS) and vegetation growth status (VGS) exhibited consistent fluctuations, demonstrating
a close relationship between vegetation growth and drought. In the AVR, the number of
short-term, medium-term, and long-term drought events was 14, 13, and 3, respectively.
Moreover, for the short-term, medium-term, and long-term droughts, the MDS exceeded
the VGS by 32.21%, 28.97%, and 17.17% on average, with slopes of 0.41, 0.12, and −0.23,
respectively. In the other sub-regions, the highest number of drought events (52) occurred
in the WFR, with an average MDS and VGS of 2.17 and 1.15, respectively. Conversely, the
lowest number of drought events (25) was observed in the SFR. Overall, as the drought
duration increased, the sensitivity of vegetation to drought events gradually weakened.
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5. Discussion
5.1. Driving Factor Identification
5.1.1. Univariate Influencing Factors

To elucidate the scale effects between different climatic factors and vegetation growth,
we selected several representative influencing factors, such as evapotranspiration (ET),
air humidity (AH), precipitation (PC), soil moisture (SM), soil temperature (ST), and air
temperature (AT). Clearly, these factors are important covariates in the vegetation growth
process and are closely associated with vegetation growth. Figure 11 displays the PWC be-
tween vegetation and a potential driving factor after eliminating some variable interference.
The rightward and leftward arrows indicate the positive and negative phase relationships,
and the color bar represents the energy density. Specifically, we divided the time–frequency
scale into three subparts: large-scale (>32 months), small-scale (<8 months), and medium-
scale (8–32 months) events. Overall, the vegetation and climate factors exhibited complex
coherence at the small and medium time–frequency scales, with continuously changing
phase angles. At the large time–frequency scale, the phase angle changes were relatively
stable. After eliminating the influences of the AH, PC, SM, ST, and AT, the high-energy
coherence region between the SVWI and the ET in the time–frequency domain mainly
concentrated on large-scale cycles exceeding 32 months, with a predominantly negative
phase relationship at different scales. In detail, at the small scale, the SVWI and ET showed
significant intermittent resonance periods, with AWC and PASC values of 0.91 and 7.22%,
respectively (Table 1). At the medium scale, there were four resonance periods between
the SVWI and the ET: 28–32 months (1985–1992), 16–24 months (2009–2013), 8–12 months
(2014–2015), and 16–24 months (2018–2020), with AWC and PASC values of 0.91 and 5.82%,
respectively. At the large scale, two distinct resonance periods existed between the SVWI
and the ET: 128–160 months (1998–2008) and 96–118 months (2006–2014), with AWC and
PASC values of 0.97 and 26.27%, respectively. The phase coherence between the SVWI
and the AH indicated inconsistent phase relationships in different time–frequency do-
mains, suggesting complex nonlinear interactions between them at different periodic scales.
The resonance periods of the SVWI and the PC at the small scale were relatively weak,
with significant high-energy coherence regions primarily distributed in interannual and
decadal-scale periods. Similarly, the PWC of the SVWI and other climate factors is shown in
Figure 11. At the medium scale, the PC has the greatest impact on the SVWI (PASC = 6.33%),
while at the small and large scales, the ET has the greatest impact on the SVWI, with PASC
values of 7.22% and 26.27%, respectively. In addition, at all the time–frequency scales, the
ET and SVWI have the highest AWC (0.96) and PASC (13.56%), making the ET the best
explanatory variable for explaining vegetation changes in the YRB.

Table 1. The AWC and PASC values between the SVWI and meteorological elements (ET, AH, PC,
SM, ST, and AT) at the small, medium, and large scales.

PWC Scale ET AH PC SM ST AT

AWC

Small 0.91 0.91 0.91 0.91 0.91 0.91
Medium 0.91 0.90 0.90 0.90 0.91 0.91

Large 0.97 0.92 0.96 0.96 0.95 0.96
Total 0.96 0.91 0.95 0.95 0.92 0.94

PASC (%)

Small 7.22 5.89 2.75 4.42 6.92 5.41
Medium 5.82 4.48 6.33 4.21 5.34 5.06

Large 26.27 3.02 21.98 24.67 6.21 19.40
Total 13.56 4.35 10.94 12.14 6.47 11.24
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5.1.2. Multivariate Influencing Factors

The independent impact factor makes it difficult to explicate the multiscale features
and complex variability of vegetation. The MWC can provide a new solution to reveal the
synergistic effects of multiple driving factors on vegetation. Figure 12 shows the MWC of
different driving factors on the multiscale feature variability of vegetation. Meanwhile, the
coupling effect between climate variables can better elucidate the multiscale feature variations
of vegetation in the YRB. The maximum values of two climate factors coupling appeared
in the ET–PC combination, with AWC and PASC values of 0.93 and 23.85%, respectively,
indicating that the bivariate impact factors ET and PC simultaneously played dominant roles
in vegetation change. At the small time–frequency scale, there were multiple small intermittent
resonance periods between the ET–PC and the SVWI. At the medium scale, there were mainly
two mutual periods between the ET–PC and the SVWI, which were 8–16 months (1983–2001)
and 8–16 months (2005–2020). At the large scale, there were clearly two resonance periods
between the ET–PC and the SVWI, which were 40–56 months (1987–1988) and 96–160 months
(2000–2009). The main controlling factors that affect vegetation varied with different time–
frequency scales. For the bivariate factors, the interaction effect of ET–PC was strong in
explaining the vegetation changes.

When three climate factors are coupled, the explanation of the driving factors for the
multiscale features of vegetation is improved in all the time–frequency domains (Figure 13).
As shown in Table 2, ET–PC–SM was the optimal three-variable combination for explaining
the dynamic vegetation changes (AWC = 0.97, PASC = 24.49%). At the medium time–
frequency scale, there were three resonance periods between the ET–PC–SM and the
SVWI, which mainly occurred in 8–24 months (1983–2002), 8–28 months (2005–2018), and
8–16 months (2019–2021). At the large scale, there were two mutual periods between the
ET–PC–SM and the SVWI, which appeared in 36–48 months (1986–1988) and 96–160 months
(1995–2010). Obviously, the relationship between the ET–PC–SM and the SVWI had become
closer since 2000, which also meant that the effect of the climate variables ET, PC, and SM
had been strengthened since the 21st century. Moreover, for all the three-variable climate
factors, their relationship with vegetation was relatively close at the medium scale. At all
the scales, the ET–PC–SM and SVWI had the highest PASC, so they could be used as the
best variables to explain the vegetation changes.
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Table 2. The AWC and PASC values between the SVWI and climate factors (PC, AT, ST, AH, SM, and
ET) based on the MWC.

Univariate AWC PASC (%) Bivariate AWC PASC (%) Trivariate AWC PASC (%)

ET 0.96 13.56 ET-AH 0.93 22.57 ET-PC-AH 0.96 14.44
AH 0.91 4.35 ET-PC 0.93 23.85 ET-PC-SM 0.97 24.49
PC 0.95 10.94 ET-SM 0.93 22.29 ET-PC-ST 0.96 15.48
SM 0.95 12.14 ET-ST 0.93 18.80 ET-PC-AT 0.96 14.76
ST 0.92 6.47 ET-AT 0.92 19.33
AT 0.94 11.24
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5.2. Advantages and Limitations

With the continuous maturation of remote-sensing technology, more and more schol-
ars are using remote-sensing data to construct vegetation indices [8,22,59]. The spectral
characteristics of canopy reflection can reflect the strength of vegetation activity; thus, most
vegetation indices derive different vegetation information by processing the visible and
near-infrared bands in satellite data [21,23]. However, vegetation index variation is also
influenced by other factors, such as floods, wildfires, pests, hail, and human activities [60].
Therefore, relying solely on vegetation indices without considering the actual water deficit
conditions makes it difficult to conduct timely and effective drought warnings and miti-
gation efforts. In contrast to traditional remote-sensing vegetation indices, the vegetation
index constructed in this study can reflect the actual dynamic balance of the vegetation wa-
ter supply and demand during drought processes, which is helpful for practical application
by policymakers [32]. As meteorological and hydrological elements and the land surface
vegetation status change over time, the balance between the vegetation water demand
and consumption undergoes continuous changes [9,19,22]. By considering land surface
hydrological elements and vegetation factors, this study, with the vegetation water shortage
as the starting point, employed a standardized transformation method similar to the SPEI
for constructing the SVWI. Specifically, −0.5, −1, −1.5, and −2 are considered as the SPEI
thresholds for different types of drought [44]. Due to its flexible time scale, simple form,
and strong spatiotemporal comparability, the SPEI has great potential for application in
monitoring the distribution of drought. Additionally, one of the limitations of the SPEI
is its sensitivity to calculating potential evapotranspiration, which may overestimate the
contribution of temperature anomalies to drought. From the perspective of the energy and
water balance dynamics in the vegetation growth process, this can provide a better mech-
anistic explanation of vegetation drought processes [42]. Furthermore, the standardized
method can reflect the multi-timescale characteristics of vegetation and drought changes,
facilitating their combination with other standardized drought indices for the study of the
relationships between different types of droughts [14,30,61]. Therefore, the constructed
SVWI is a more ideal vegetation drought assessment index.

In recent years, the increase in temperature (0.316 ◦C/10a) and decrease in precipi-
tation (−5.123 mm/10a) may be among the main reasons for the changes in vegetation
greenness [62,63]. Due to the least precipitation (350.92 mm) and sustained high tempera-
tures occurring in 1997, a severe drought occurred in that year, which is consistent with
our results [44]. In 1997, the YRB experienced a dry flow for 226 days [64]. In addition,
within the five sub-regions of the YRB, the areas of the AVR and TGR accounted for 58.7%
of the total basin area. Therefore, the fitted copula function within these two sub-regions
contributed to the optimal fitted function for the entire basin (Figure 8). Table 3 lists the
formulas and parameters of the copula functions in this study. Consistent with the optimal
copula functions in these two sub-regions, the optimal copula function for the entire basin
was also the Frank copula, which is reasonable. The characteristics of the identified drought
events within the YRB indicate that the greater the severity of drought, the longer the
corresponding duration. This study explored the impact of drought on vegetation and
revealed the response mechanism of vegetation to environmental changes, which is of
practical significance for the dynamic monitoring of droughts, environmental governance,
and vegetation protection [5,53]. Before the onset of drought, drought prevention and
resistance measures should be formulated in advance to reduce the adverse effects of
drought on vegetation growth. For instance, in drought-prone areas, water-saving irriga-
tion technology, dryland agriculture, and drought-resistant management can be enhanced.
In summary, clarifying the impact of drought on vegetation growth can provide reference
information for policymakers and practitioners.
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Table 3. The formulas and parameters of the copula in this study.

Copula Families Mathematical Descriptions Parameter Settings

Gaussian copula ∫ ϕ−1(u)
−∞

∫ ϕ−1(v)
−∞

1

2π
√

1 − θ2
exp(

2θxy − x2 − y2

2(1 − θ2)
)dxdy θ ∈ [−1, 1]

t copula ∫ t−1
θ2
(u)

−∞
∫ t−1

θ2
(v)

−∞
Γ((θ2 + 2)/2)

Γ(θ2/2)πθ2
√

1 − θ1
2
(1 +

x2 − 2θ1xy + y2

θ2
)
(θ2+2)/2

dxdy θ1 ∈ [−1, 1] and θ2 ∈ (0, ∞)

Clayton copula max(u−θ + v−θ − 1, 0)
−1/θ θ ∈ [−1, ∞)\0

Frank copula − 1
θ ln[1 + (exp(−θu)−1)(exp(−θv)−1)

exp(−θ)−1 ] θ ∈ R\0

Gumbel copula exp
{
−[(− ln(u))θ + (− ln(v))θ ]

1/θ
}

θ ∈ [1, ∞)

When other variables are related to the independent variable, the presence of the other
variables may affect the accurate representation of the relationship between the independent
and dependent variables [57]. The partial wave coherence between input factors facilitates
a better understanding of the true correlation between signals [56]. Based on cross-wavelet
technology, the factors most closely related to vegetation are the ET and PC in the YRB
(Figure 12). The ET connects the process of water and surface energy transmission in
vegetation, serving as a central link in the climate system [51,52]. When drought occurs,
an increase in the ET may lead to vegetation water shortage, thereby affecting the normal
physiological activities of vegetation. As an important source of vegetation water input,
the PC affects photosynthesis in vegetation, providing necessary water and nutrients for
plant growth [19,36,65]. Wen et al. also found that the ET and PC are closely related to
vegetation, and this is also consistent with the reality [66].

Although the vegetation index proposed in this study considers the climatic and
hydrological factors of vegetation growth, reflecting the dynamic energy and water balance,
limitations still exist due to the data constraints [42]. Because of the difficulty in searching
for crop type data and field experimental data, monthly scale data were used to calculate
the ecological water demand in this study. Future research could attempt to use daily
scale data, establish a three-dimensional database of the soil–root depth–crop type, and
combine the corresponding vegetation growth period to further improve the accuracy
of the vegetation coefficients, soil moisture restriction coefficients, and ecological water
demand calculations [14,32].

5.3. Future Prospects

In the future, several aspects are worth further investigation. Accurately calculating
the VWD is crucial for constructing vegetation water deficit indices; however, there is a
significant spatiotemporal heterogeneity in the VWD of different vegetation types [21].
As the minimum water requirement for vegetation to fulfill its ecological functions, the
VWD is a key indicator in land ecological drought studies [2]. Future research could
utilize higher-resolution land use data and combine the experimental results of vegetation
evapotranspiration in different regions to accurately infer the spatiotemporal distribution of
the VWD [32,42]. Additionally, vegetation is influenced by factors such as the soil moisture,
precipitation, and crop type, which introduce uncertainties in predicting future vegetation
conditions [67]. With the improvement in the spatiotemporal resolution of remote-sensing
data, the uncertainties in extracting vegetation phenological information can be reduced.

6. Conclusions

This study utilized remote-sensing datasets to investigate the seasonal and abrupt
changes in vegetation based on the BEAST algorithm in the YRB from 1982 to 2022, re-
vealing the trend characteristics of vegetation at a spatial scale. Subsequently, the spatial
distribution of typical droughts and the copula-based joint return periods of drought vari-
ables were studied to identify the response characteristics of vegetation growth to drought.
The main conclusions are as follows:
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(1) From 1982 to 2022, the SVWI showed a decreasing trend in the YRB, but the magnitude
of the decline varied across different sub-regions. At the decadal scale, the SVWI
exhibited a gradual decline in the 1990s and 2010s. Based on the BEAST algorithm, the
seasonal change point of the SVWI occurred with a probability of 99.52% in January
2003, while the trend change point had a probability of 72.15% in June 2002.

(2) Using the spatial trend identification method, at the grid scale, the SVWI generally
increased from May to July and decreased in the other months. Additionally, the
minimum value of the trend characteristic Zs, −1.45, occurred in October. Across the
different quarters, the range of mean Zs values was −1.46 (winter) to 0.20 (summer),
indicating a more pronounced declining trend in winter, with an area percentage
reaching 94.26%.

(3) The most severe drought occurred in 1997 within the study period, with an SPEI
value of −1.09. In October of that year, the SPEI reached its minimum value of −1.44.
Furthermore, the optimal copula function connecting drought variables in the AVR,
TGR, and YRB regions was the Frank copula. In the entire basin, the duration of the
drought that occurred from September 1998 to February 1999 was 6 months, with a
severity of 6.48 and a return period of 8.54 years.

(4) Overall, there was a close relationship between drought and vegetation growth in the
YRB. The maximum number of drought events (52 times) occurred in the WFR, while
the minimum number of drought events (25 times) occurred in the SFR. Particularly,
the MDS of the short-term, medium-term, and long-term drought events in the AVR
was 32.21%, 28.97%, and 17.17% higher than the mean of VGS.

(5) The accuracy of the vegetation water consumption and demand used to calculate the
degree of vegetation water shortage may introduce some uncertainty into the results.
In the future, we will adopt higher-resolution land-use data to accurately obtain the
vegetation water consumption and demand, which will also be our main research
focus in the next work.
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