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Abstract: Revealing the response of vegetation on the Qinghai-Tibet Plateau (QTP) to climate change
and human activities is crucial for ensuring East Asian ecological security and regulating the global
climate. However, the current research rarely explores the time-lag effects of climate on vegetation
growth, leading to considerable uncertainty in analyzing the driving mechanisms of vegetation
changes. This study identified the main driving factors of vegetation greenness (vegetation index,
EVI) changes after investigating the lag effects of climate. By analyzing the trends of interannual
variation in vegetation and climate, the study explored the driving mechanisms behind vegetation
changes on the QTP from 2000 to 2020. The results indicate that temperature and precipitation have
significant time-lag effects on vegetation growth. When considering the lag effects, the explanatory
power of climate on vegetation changes is significantly enhanced for 29% of the vegetated areas.
About 31% of the vegetation on the QTP exhibited significant “greening”, primarily in the northern
plateau. This greening was attributed not only to improvements in climate-induced hydrothermal
conditions but also to the effective implementation of ecological projects, which account for roughly
half of the significant greening. Only 2% of the vegetation on the QTP showed significant “browning”,
sporadically distributed in the southern plateau and the Sanjiangyuan region. In these areas, besides
climate-induced drought intensification, approximately 78% of the significant browning was due
to unreasonable grassland utilization and intense human activities. The area where precipitation
dominates vegetation improvement was larger than the area dominated by temperature, whereas the
area where precipitation dominates vegetation degradation is smaller than that where temperature
dominates degradation. The implementation of a series of ecological projects has resulted in a much
larger area where human activities positively promoted vegetation compared to the area where they
negatively inhibited it.

Keywords: vegetation greenness; climate; spatio-temporal change; time-lag effects; driving factors;
Qinghai-Tibet Plateau

1. Introduction

As an important pastoral region in China, the vegetation of the Qinghai-Tibet Plateau
(QTP) is an essential resource for the survival of the local population [1]. The QTP, known
as the “Third Pole of the Earth”, is a key initiation area and amplifier of climate change
in the Northern Hemisphere. Its vegetation ecosystem serves as an indicator of climate
change both regionally and globally [2,3]. As the “Water Tower of Asia”, the vegetation
of the QTP plays a crucial ecological role in windbreak, sand fixation, water conservation,
soil retention, and water preservation [4,5]. Against the backdrop of “global warming” and
increased human activity intensity, the combined impact of climate change and human
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activities significantly affects and threatens the sensitive and fragile vegetation ecosystem
of the QTP [6]. On the other hand, vegetation changes also exert feedback on climate
change by regulating carbon, hydrological, and energy cycles [7–9]. Hence, monitoring
vegetation dynamics and investigating the driving factors of these changes through quan-
titative analysis contribute to comprehending the behavioral mechanisms of vegetation
ecosystems [10,11]. Ultimately, this holds substantial practical significance for ensuring
the normal functioning of ecological security barriers and ecosystem service functions
in the QTP.

Numerous studies have examined the spatio-temporal characteristics of vegetation
in the QTP region using remote sensing vegetation indices from satellites such as MODIS,
LANDSAT, and GIMMS. These studies have identified the drivers of vegetation change
by quantifying the impacts of climatic factors and human activities [12–15]. However,
quantifying human activities with spatial precision poses challenges, making it difficult
to incorporate it into statistical models as independent variables alongside climate, with
the vegetation index as the dependent variable. To address this challenge, the residual
trend analysis (RESTREND) method has emerged as a practical and effective solution [16].
This method constructs a linear response function of vegetation to climate, enabling the
disentanglement of the effects of human activities and climate from the interannual vari-
ation of vegetation. Consequently, it facilitates the identification of drivers of vegetation
change even in the absence of detailed human activity data. The RESTREND method has
been widely adopted in numerous studies [17–20]. The key to employing the RESTREND
method lies in fully revealing the influence of climate on vegetation growth. It has been
noted that the dynamic influence of climate on vegetation exhibits asymmetry over time,
often characterized by a time-lag effect between them [21,22]. In essence, vegetation growth
is not solely governed by current climate conditions but also influenced by preceding
ones [23–26]. However, many studies employing the RESTREND method have primarily
focused on utilizing climate data within the growing season and vegetation indices for mod-
eling, neglecting the time-lag effect of climate in the non-growing season on interannual
vegetation growth [19,27–30]. Consequently, this approach has resulted in the development
of models that inadequately capture the response mechanisms of vegetation to climate,
leading to heightened uncertainty in identifying drivers of vegetation change.

This study aims to elucidate the spatiotemporal dynamics of vegetation in the QTP
from 2000 to 2020 and accurately reveal its response to climate change and human activities.
To achieve this, the study will undertake the following research: (1) Investigate the spatio-
temporal variation characteristics of the EVI during the growing season; (2) Explore the
time-lag effects of climatic factors on vegetation growth; (3) Based on the determination
of time-lag effects, quantitatively analyze the impacts of climate and human activities on
vegetation growth and identify the main driving factors of vegetation change.

2. Study Area and Data
2.1. Study Area

The QTP predominantly encompasses Qinghai Province and the Tibet Autonomous
Region, extending into portions of Xinjiang Autonomous Region, Sichuan Province, Yun-
nan Province, and Gansu Province (Figure 1). It is situated between 26◦00′–39◦47′N and
73◦19′–104◦47′E and has an average altitude exceeding 4000 m (Figure 1). It is the largest
plateau in China and the highest in the world, earning the nickname “Third Pole of the
Earth. The topography of the QTP is varied, with higher terrain in the northwest and
lower terrain in the southeast (Figure 1). It can be classified into six distinct categories: the
Qinghai Plateau, the Qilian Mountains, the Qaidam Basin, the Northern Tibet Plateau, the
Southern Tibet Valley, and the Sichuan-Tibet Alpine Canyon. Characterized by diverse
climates, the QTP delineates five temperature zones: tropical, subtropical, plateau tem-
perate, plateau subfrigid, and plateau frigid. Additionally, it is divided into four wet/dry
zones, transitioning from humid to semi-humid, semi-arid, and arid as one moves from
the southeast to the northwest. Both the annual average temperature and precipitation
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exhibit a decreasing trend from southeast to northwest. The distinctive climatic attributes,
coupled with its intricate topography, foster a plethora of vegetation types across the
QTP, manifesting specific horizontal and vertical zonal distribution patterns (Figure 1).
Generally, desert and semi-desert vegetation prevails in the northwestern expanse, while
alpine meadows and alpine steppes dominate the plateau’s interior. Towards the southeast,
mountainous forests intermix with coniferous and broad-leaved forests, imparting richness
to the region’s biodiversity. The growing season of vegetation on the QTP generally ranges
from May to September [31].
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2.2. Data and Preprocessing

The remote sensing vegetation index offers the advantage of objectivity, accuracy, and
rapid accessibility in characterizing vegetation coverage and growth status. Specifically,
the Enhanced Vegetation Index (EVI), utilized in this study, is particularly well-suited for
monitoring vegetation information in the QTP [32]. Derived from the vegetation index
product (MOD13A2) of the Moderate Resolution Imaging Spectroradiometer (MODIS)
satellite, the EVI boasts a temporal resolution of 16 days and a spatial resolution of 1 km.
The average EVI within the vegetation’s growing season (GEVI) was employed to represent
interannual vegetation coverage. To mitigate noise interference from clouds and atmo-
spheric contamination in EVI images, the EVI spatio-temporal data of the QTP spanning
from 2000 to 2020 underwent reconstruction. This was achieved through the iterative
Savitzky–Golay (SG) filtering algorithm [32,33]. The following operations were performed
to ensure the objectivity of the observations: (1) EVI pixels affected by cloud, ice, and snow
noise were identified using quality control data from the MOD13A2 product; and (2) the
reconstructed EVI values were used to replace the corresponding noisy pixel values, while
the un-noisy pixels retained their original values.
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Temperature and precipitation serve as the fundamental energy inputs for terrestrial
ecosystems and are the primary drivers of vegetation dynamics. In this study, the average
air temperature and cumulative precipitation during the period critical for vegetation
growth were employed as drivers for interannual variations in vegetation coverage. These
air temperature and precipitation data were sourced from the “1 km resolution monthly
climate dataset of China” [34].

In this study, land-use data spanning the years 2000, 2005, 2010, 2015, and 2020 were
employed to identify vegetated pixels persisting over the two-decade period on the QTP.
This dataset was sourced from the “Chinese multi-period land use dataset” (CNLUCC),
boasting a spatial resolution of 1 km [35]. Land use is categorized into six classes, with
particular focus on three vegetation types: cropland, forest, and grassland.

The spatial zoning of vegetation types across the QTP was derived from the “1:1,000,000
vegetation types of China” dataset (https://www.resdc.cn accessed on 1 January 2022).
This dataset categorizes QTP vegetation into alpine vegetation, cultivated vegetation, conif-
erous forest, broad-leaved forest, coniferous and broad-leaved mixed forest, shrub, tussock,
alpine steppe, and alpine meadow, offering a detailed classification. In this study, the
dataset was utilized to analyze interannual variations in vegetation coverage by type.

Temperature zones and wet/dry zones of the QTP were extracted from the “climate
zoning data of China” dataset (https://www.resdc.cn accessed on 1 January 2022). Follow-
ing the overlay of temperature zones and wet/dry zones, they were employed to ascertain
the primary climatic factor influencing vegetation changes within each zone.

3. Methods
3.1. Time-Lag Effects of Climate on Vegetation Growth

Vegetation growth is influenced not only by the climate during the growing season
but also by the climate prior to the growing season (from October of the previous year
through April of the current year). If the climate in October of the previous year affects
vegetation growth in the current year, the lag duration would be 7 months. If the climate
prior to the growing season has no effect on vegetation, the lag duration would be 0 months.
To investigate the lag duration for precipitation and temperature in the QTP, this study
employed the method proposed by [36], which has proven effective in scrutinizing lag
effects of temperature on phenology. Cumulative precipitation and mean temperature
during the combined period of the lag duration and the growing season were analyzed as
independent variables, while the GEVI served as the dependent variable. To pinpoint the
optimal lag duration maximizing precipitation’s impact on the GEVI, partial correlation
coefficients between precipitation and the GEVI were computed for lag periods ranging
from 0 to 7 months before the growing season, with temperature as a controlled variable.
Subsequently, the preceding months exhibiting the highest absolute value of partial corre-
lation coefficients were identified as the optimal lag duration. Similarly, by substituting
precipitation with temperature, lag durations for temperature could be determined.

The partial correlation coefficient was calculated using Equation (1). Rxy,z is the partial
correlation coefficient between variables x and y after fixing the variable z. Rxy, Rxz, and
Ryz all denote the Pearson correlation coefficient between two variables.

Rxy,z =
Rxy − RxzRyz√

(1 − R2
xz) + (1 − R2

yz)
(1)

3.2. Framework for Identification of Drivers in Interannual Vegetation Variability

The RESTREND method is commonly employed to disentangle the influence of human
activities from the interannual variability of vegetation productivity, thereby facilitating the
detection of drivers of vegetation change. In this study, the RESTREND method was applied
to discern the drivers of the interannual vegetation GEVI change on the QTP, accounting for
time-lagged effects of temperature and precipitation. The specific description of the driver
identification framework is provided below, with its general flow illustrated in Figure 2.

https://www.resdc.cn
https://www.resdc.cn
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Figure 2. Flow of the driver identification framework (The orange color shows the finalized driver;
Pre refers to precipitation; Tem refers to temperature).

(1) The multiple linear regression model was formulated, with precipitation and
temperature, considering lag effects, as independent variables and the vegetation GEVI as
the dependent variable. The significance of the model R2 was evaluated using an F-test. If
the correlation between climate and the GEVI on interannual variation proves significant
(p < 0.05), it suggests that vegetation change is primarily driven by climate. Conversely, if
the correlation is insignificant (p ≥ 0.05), it indicates that human activities have disrupted
the climate–GEVI relationship, with human activities being the sole driving factor. The
multiple linear regression model is represented as Equation (2), where GEVIp denotes
the simulated GEVI value; PRE and TMP denote cumulative precipitation and mean
temperature, respectively, considering lag effects; a and b represent regression coefficients;
and c denotes the intercept.

(2) The residuals of the linear model were calculated pixel by pixel for regions exhibit-
ing a significant correlation between climate and the GEVI (Equation (3), where GEVIres
represents the residuals and GEVIob denotes the observed GEVI). Subsequently, Theil–Sen
Median trend analysis and the Mann–Kendall test were concurrently used on a pixel-by-
pixel basis to determine the interannual rate of residual change and its corresponding
significance. A significant residual trend indicates that vegetation change is influenced
not only by climate but also by human activities. In such instances, a positive growth rate
of the residuals suggests a positive contribution of human activities to vegetation at the
respective location, while a negative growth rate signifies a negative inhibitory effect of
human activities on vegetation. Conversely, if the residual trend is deemed insignificant, it
implies that vegetation change is solely driven by climate.

(3) In regions with insignificant residual trends, indicating climate-driven changes, the
primary climate driver was identified by comparing the magnitude of partial correlation
coefficients between precipitation, temperature, and the GEVI.

GEVIp = a × PRE + b × TMP + c (2)

GEVIres = GEVIob − GEVIp (3)

The multiple correlation coefficient assesses the linear relationship between a depen-
dent variable and multiple independent variables. Equation (4) presents its calculation
formula. Here, Rz,xy represents the multiple correlation coefficient of the dependent vari-
able z with independent variables x and y, Rzx denotes the Pearson correlation coefficient
of z with x, and Rzy,x signifies the partial correlation coefficient of z with y after controlling
for x. Furthermore, the significance of the multiple correlation coefficient was assessed in
this study using the F-test, calculated as demonstrated in Equation (5). Here, F denotes the
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test statistic for the multiple correlation coefficient, n represents the number of samples,
and k stands for the number of independent variables.

Rz,xy =
√

1 − (1 − Rzx
2)(1 − Rzy,x

2) (4)

F =
R2

z,xy

1 − R2
z,xy

× n − k − 1
k

(5)

The Theil–Sen median trend analysis, in conjunction with the Mann–Kendall test, is
frequently employed to discern trends in time-series data. The Theil–Sen median method
is computed as per Equation (6). Here, Trend is derived by calculating the slopes of
n(n − 1)/2 combinations of data points and then determining the median of these slopes,
which quantifies the monotonic trends in the time-series data. The function median() is
employed to compute the median, while Xi and Xj denote the data at moments i and
j, respectively. The Mann–Kendall test is a non-parametric method for assessing the
significance of trends, with its calculations shown in Equations (7)–(9). Given a significance
level α, if |Z| > U1−a/2, it indicates a significant trend in the time series at the α level.
This study tested the significance of the annual GEVI trend at two confidence levels
(α = 0.01; α = 0.05), and the significance of the residual trend was tested at the 0.05
confidence level.

Trend = median(
Xi − Xj

i − j
, ∀i < j) (6)

Z =


S−1√
var(S)

S > 0

0 S = 0
S+1√
var(S)

S < 0
(7)

S = ∑n−1
i=1 ∑n

j=i+1 sgn(Xj − Xi) (8)

var(S) =
n(n − 1)(2n + 5)

18
(9)

sgn(Xj − Xi) =


1
0
−1

Xj − Xi > 0
Xj − Xi = 0
Xj − Xi < 0

(10)

4. Result
4.1. Spatio-Temporal Pattern of GEVI

To analyze the spatio-temporal variations of vegetation on the QTP from 2000 to 2020
by vegetation type, the spatial distribution of the multi-year average vegetation GEVI and
the interannual variations of the GEVI by vegetation type were extracted based on the
1:1,000,000 vegetation types of China. The GEVI across the QTP exhibited a distribution
pattern characterized by low values in the northwest and high values in the southeast
(Figure 3). The vast majority of the area displayed a vegetation GEVI of less than 0.25,
encompassing approximately 80% of the total vegetation zone area. Across the entirety
of the QTP, the interannual variation in the GEVI displayed a significant increasing trend
(slope = 0.006 10 yr−1, p < 0.01). Although all types of vegetation on the QTP showed an in-
creasing trend in the interannual variation of the GEVI, only alpine steppe, alpine meadow,
alpine vegetation, and cultivated vegetation showed significant increases (Figure 4). The
most substantial increase in the GEVI, amounting to 0.01 10 yr−1, was noted in cultivated
vegetation (Figure 4). The trends of the vegetation GEVI at different altitudes were incon-
sistent. In low-altitude regions (<1000 m), the vegetation GEVI exhibited a non-significant
decrease (Figure 5). Conversely, at middle (1000 m ∼ 3500 m), high (3500 m ∼ 5000 m), and
extremely high altitudes (>5000 m), the vegetation GEVI displayed a significant increasing
trend, with the most substantial increase of 0.012 10 yr−1 observed at middle altitudes
(Figure 5).
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Clarifying the trend of interannual vegetation change is a prerequisite for investigating
the driving mechanisms of vegetation change on the QTP. Therefore, GEVI trends were
extracted for the vegetation pixels using the multi-period land-use dataset on a pixel-by-
pixel basis. During the period 2000~2020, approximately 75% of vegetation areas across
the QTP exhibited an increasing trend in the GEVI, primarily observed in the northern
part of the plateau. Conversely, areas with a decreasing GEVI constituted around 25% of
the total vegetation area, predominantly located in the central and southern parts of the
plateau (Figure 6a, Table 1). The interannual variation of the GEVI exhibited an extremely
significant increase in approximately 19% of vegetation areas, primarily concentrated
in the northeast and northwest regions (Figure 6b, Table 1). Additionally, around 12%
of vegetation areas showed a significant increase, dispersed throughout the areas with
extremely significant increases (Figure 6b, Table 1). Areas with non-significant variation
were widespread, encompassing approximately 67% of the total vegetation area (Figure 6b,
Table 1). In contrast, areas exhibiting significant and extremely significant decreases in the
GEVI comprised only about 2% of the total vegetation area, mainly situated in the central
and southern regions of the plateau (Figure 6b, Table 1).

Table 1. Types of GEVI trend and their percentages relative to the total area of the vegetation zone on
the QTP.

GEVI Trend (β) Z Trend Category Percentage of Area

β > 0 2.58 < Z Extremely significant improvement 19.17%
β > 0 1.96 < Z ≤ 2.58 Significant improvement 11.58%

— Z ≤ 1.96 Non-significant change 66.87%
β < 0 2.58 < Z Extremely significant degradation 0.79%
β < 0 1.96 < Z ≤ 2.58 Significant degradation 1.59%
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4.2. Time-Lag Response of Vegetation GEVI to Climate

This study conducted an analysis of the lagged response of the vegetation GEVI to
temperature and precipitation on a pixel-by-pixel basis. The number of lagged months for
both climate factors were determined through calculation. Over the past two decades, the
time-lag effect of temperature on the vegetation GEVI across the QTP exhibited notable spa-
tial differentiation without significant spatial aggregation (Figure 7a). In the Sanjiangyuan
region, characterized by widespread alpine meadows, the lag time of temperature was
recorded as 0, indicating that temperature during the growing season singularly influenced
vegetation growth (Figure 7a). Conversely, in the northern part of Tibet, characterized by
extensive alpine steppes, the dominant lag time of temperature was 7 months, suggesting that
vegetation growth was influenced not only by temperature during the growing season but also



Remote Sens. 2024, 16, 2839 10 of 22

by temperature during the non-growing season (Figure 7a). In other regions, the predominant
lag time of temperature ranged from 1 to 2 months (Figure 7a). Spatial analysis revealed that
in the QTP, the lag time of temperature was predominantly 0 and 7 months, accounting for
about 39% of the vegetation pixels. Pixels with a lag time of 1–2 months accounted for 30.8%
of the vegetation pixels. Additionally, a similar proportion of pixels exhibited lag times of 3, 4,
and 5 months, accounting for a total of 30.2% of all pixels. A small fraction of pixels exhibited
a 6-month lag, comprising only 2.5% of the total (Figure 7a).
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The lag effect of precipitation on the vegetation GEVI exhibited considerable spatial
heterogeneity, accompanied by significant spatial aggregation (Figure 7b). In the eastern
part of Qinghai Province, precipitation did not demonstrate a lag effect on vegetation
growth (Figure 7b). However, in the Sanjiangyuan region, the lagged response of vegetation
to precipitation was pronounced, with a dominant lag length of 7 months (Figure 7b). Along
the border between the Sanjiangyuan region and the northern part of Tibet, the lag length
of precipitation was primarily 6 months (Figure 7b). In the southwestern part of the QTP,
the lag length of precipitation was predominantly 2 months (Figure 7b). Spatial analysis of
precipitation lag time revealed that approximately 57% of total vegetation pixels exhibited
either no lag or a 7-month lag. Pixels with lag times of 1, 2, and 6 months comprised roughly
31% of the total, while approximately 12% of vegetation exhibited lag times ranging from
3 to 5 months (Figure 7b).

When not accounting for lag effects, the explanatory power (R2) of climate on inter-
annual variations in the GEVI ranged from 0 to 0.91, with a mean value of merely 0.19.
Areas with R2 exceeding 0.5 constituted only approximately 5.8% of the total vegetation
area. However, upon considering lag effects, the explanatory power of climate significantly
improved, with the mean R2 value increasing to 0.25. Moreover, areas with R2 greater than
0.5 accounted for approximately 9.7% of the total vegetation area, marking a 3.9% increase
compared to scenarios where lag effects were not considered (Figure 8a). The enhancement
in R2 of the linear model after considering the lag effects was calculated pixel by pixel, with
its spatial distribution depicted in Figure 8b. Notably, after considering lag effects, instances
of the decreasing explanatory power of climate were minimal. Conversely, approximately
29% of the total vegetation area exhibited phenomena of increasing explanatory power,
primarily situated in the southern and eastern regions of Qinghai Province, as well as in the
central and eastern parts of Tibet (Figure 8b). However, for pixels encompassing roughly
69% of the total vegetation area on the QTP, there was no significant change in model
R2 after considering lag effects. This observation could be attributed to intense human
activities disrupting the correlation between climate and vegetation productivity, thereby
overshadowing the climate’s control of vegetation productivity.

4.3. Identification of Drivers for Vegetation Change

Based on the driver identification framework in Section 3.2, this study calculated the
residual series of the GEVI on a pixel-by-pixel basis by constructing a linear response model
of the vegetation GEVI to climate factors, considering time-lag effects. Spatial statistics
of the residual trends (Figure 9a) unveiled several key findings: Approximately 26% of
the total vegetation area exhibited significant residual trends, indicating that interannual
variation in vegetation within these regions were not solely driven by climate but also influ-
enced by human activities (Figure 9b). Specifically, areas where human activities positively
impacted vegetation growth constituted about 23% of the total vegetation area, primarily
concentrated in the northern and central-western regions of the QTP (Figure 9b). Con-
versely, regions where human activities negatively affected vegetation growth accounted
for a relatively small proportion, approximately 3%, primarily distributed in parts of the
Sanjiangyuan region and central part of Tibet (Figure 9b). These areas are located in typical
pastoral regions of the QTP, where high-intensity grazing and infestations of rodent and
insect pests may lead to vegetation degradation [37,38]. However, it is noteworthy that
the areas where vegetation growth has been positively influenced by human activities
over the past two decades are significantly larger than those where it has been inhibited.
This phenomenon can be attributed to extensive ecological restoration and environmen-
tal protection initiatives implemented by the Chinese Government across the QTP over
an extended period [39]. These efforts have effectively restored and enhanced the local
vegetation ecosystem.
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In this study, areas where vegetation change is solely driven by climate were examined
to identify the primary climatic factor influencing this change. This identification was
achieved by comparing the bias correlation of temperature and precipitation, respectively,
with the GEVI. Through spatial statistics, several notable findings emerged: The spatial
distribution of the driving factor exhibited a distinct clustering phenomenon (Figure 10).
The areas where temperature dominated vegetation change accounted for 47% of the total
area affected solely by climate. The areas are primarily located in the Sanjiangyuan region,
the central region and the southern edge of Tibet (Figure 10). Precipitation-dominated
areas accounted for about 53% of the total area affected solely by climate and are primarily
situated in the northeastern and western parts of the QTP (Figure 10). Conversely, the
proportion of areas jointly dominated by precipitation and temperature was minimal,
comprising only 0.12% of the total area, with no significant spatial aggregation (Figure 10).
The strict determination criterion, which required the bias correlation of temperature with
the GEVI to be equal to that of precipitation with the GEVI, resulted in a much smaller
proportion of this driver type than is observed in reality.
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In this study, the QTP was divided into 12 climate zones by superimposing temper-
ature and wet/dry zones. By examining the types of climate driver within each climate
zone, several significant observations were made: Across warm temperate semi-arid, mid-
temperate arid, plateau temperate arid, plateau subfrigid arid, warm temperate semi-arid,
plateau temperate semi-arid, and warm temperate semi-humid zones, the percentage of
pixels where precipitation was identified as the dominant factor exceeded that of temper-
ature by at least 10% (Figure 11). This supports the general conclusion that vegetation
in arid regions, limited by water, is particularly sensitive to precipitation. In the plateau
subfrigid semi-arid and plateau subfrigid semi-humid regions, the percentage of pixels
with temperature as the dominant factor exceeded those with precipitation as the dominant
factor (Figure 11). This discrepancy arises from the predominant limitation of vegetation
in these regions by temperature, leading to a greater sensitivity of the vegetation’s inter-
annual variation due to temperature. Within north subtropical humid, plateau temperate
humid/semi-humid, and subtropical humid regions, where hydrothermal conditions are
balanced, vegetation growth is not subjected to specific climatic stresses. Consequently,
the areas dominated by precipitation are similar in proportion to those dominated by
temperature (Figure 11). In low-temperature regions, rising temperatures initially allevi-
ate temperature stress on vegetation. However, continued temperature increases exacer-
bate drought by enhancing evapotranspiration, negatively impacting vegetation growth.
Consequently, the roles of temperature and precipitation become interchangeable, with
precipitation emerging as the primary driver of vegetation change as temperatures rise. In
arid regions, as more precipitation occurs, the dominant factor in vegetation change shifts
from precipitation to temperature. Overall, the main climatic factors driving vegetation
change within the same region vary with climate conditions. This variability explains the
presence of temperature-dominated and precipitation-dominated areas within arid and
cold regions, respectively.
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To uncover the driving mechanisms behind the significant vegetation changes on the
QTP over the past two decades, this study identified specific drivers on a pixel-by-pixel
basis for vegetation areas with significant trend in the GEVI, using the constructed driver
identification framework. The following results were obtained by spatial statistics:

(1) In the QTP, the drivers that dominated the significant improvement of vegetation
were identified as precipitation, temperature, precipitation combined with temperature,
human activities, precipitation combined with human activities, temperature combined
with human activities, and precipitation combined with temperature and human activities.
These drivers accounted for approximately 15.82%, 11.05%, 0.02%, 56.01%, 11.69%, 4.47%,
and 0.05% of the total area where vegetation improved, respectively (Figure 12a). Human
activity-driven vegetation improvement accounted for the largest proportion (approxi-
mately 56%), mainly distributed in the northwestern and central-northern parts of the QTP
(Figure 12a). Precipitation dominated vegetation improvement in approximately 16% of
the area, primarily in the northeastern part of the QTP (Figure 12a). Temperature-driven
vegetation improvement accounted for about 11% of the area, primarily in the Sanjiangyuan
region (Figure 12a). Vegetation improvement dominated by both precipitation and human
activities was observed in approximately 12% of the area, mainly distributed around re-
gions where precipitation dominates (Figure 12a). Similarly, areas where temperature and
human activities jointly drive vegetation improvement constituted about 4% of the total
area, primarily clustered around temperature-dominated areas (Figure 12a).

(2) Within the QTP, the extent of significant vegetation degradation was relatively
limited. The drivers of vegetation degradation were identified as precipitation, temperature,
human activities, precipitation combined with human activities, and temperature combined
with human activities. These drivers accounted for approximately 6%, 10%, 78%, 2%, and
4% of the total area experiencing vegetation degradation, respectively (Figure 12b). Areas
where human activities dominated vegetation degradation constituted four-fifths of the
total vegetation degradation across the QTP. These areas were primarily concentrated in
the Sanjiangyuan region, central Tibet, and southeastern Tibet region (Figure 12b). The
remaining areas experiencing vegetation degradation were predominantly influenced by
either precipitation or temperature, accounting for approximately 16% of the total area of
vegetation degradation (Figure 12b).
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5. Discussion
5.1. Time-Lag Effects of Climate on Vegetation Growth

Global vegetation dynamics research has concluded that vegetation responds instan-
taneously to temperature changes [23,40]. However, this study found that temperature
has a significant lag effect on vegetation in most parts of the QTP. This finding aligns with
research by Kong et al. [41] on the Loess Plateau, which noted that grassland exhibits a
more pronounced lagged response to temperature compared to other vegetation types.



Remote Sens. 2024, 16, 2839 17 of 22

Grassland is the predominant vegetation ecosystem on the QTP (Figure 1). Due to the cold
climate, vegetation requires a long period to accumulate heat. This temperature accumu-
lation is crucial for storing the energy needed to support vegetation growth in the cold
ecosystem [42]. Furthermore, glaciers and snowpacks are widely distributed across the
QTP [43]. The rate of warming on the QTP during winter is much higher than in other
seasons [44]. Winter warming can stimulate the melting of snow and glaciers, enabling the
soil to store more water for subsequent vegetation growth.

This study also found that precipitation has a significant lag effect on vegetation
growth, consistent with conclusions from many global-scale studies. Vegetation growth
responds more directly to soil moisture than to precipitation [45]. Soil can store precipitation
that remains after being used by vegetation, allowing this water to support vegetation
growth later [20]. Additionally, it takes time for deep soil moisture to transfer to the surface
and be absorbed by vegetation [46,47]. If there is a severe lack of precipitation early in the
season, vegetation requires time to repair drought-damaged root systems and eventually
return to its pre-drought growth capacity [48].

For 29% of the vegetation area on the QTP, accounting for time-lag effects significantly
improved the capacity of climate variables to explain interannual changes in vegetation.
Thus, it can be concluded that quantifying the impacts of various climatic factors and
human activities on vegetation, and identifying the main drivers of vegetation change, is
likely to be problematic in these areas if time-lag effects are not considered.

5.2. Drivers of Vegetation Change

During 2000–2020, the vegetation GEVI of the QTP exhibited a significant increasing
trend overall, indicating continuous greening across the plateau, consistent with the find-
ings of many studies [49–52]. The overall climate of the QTP has been analyzed and found
to show a significant “warming and humidification” trend during the period from 2000
to 2020, which is consistent with the conclusions of many research papers [53,54]. Most
vegetation on the QTP exists in arid or frigid ecosystems. Warming and humidification have
alleviated temperature stress on vegetation growth in alpine regions and water stress on
vegetation growth in arid regions, ultimately contributing to the greening of the vegetation.
However, spatial differences in climate variation, human activities, and vegetation response
mechanisms have led to significant spatial heterogeneity in the interannual variation of the
vegetation GEVI [55–57].

There are four main drivers behind the significant “greening” of vegetation on the
QTP from 2000 to 2020: precipitation, temperature, human activities, and the combination
of precipitation and human activities (Figure 12a). In the Qilian Mountains and the Qinghai
Lake watershed in the northeastern part of the QTP, the “greening” of vegetation was
primarily driven by precipitation or a combination of precipitation and human activities
(Figure 12a). This can be explained as follows: The region is arid and semi-arid (Figure 1),
and vegetation growth is limited by water availability. The significant increase in precipita-
tion over the past two decades (Figure S1b) has effectively alleviated water limitations on
vegetation growth in the region. Additionally, the implementation of ecological protection
projects, such as “Grain for Green” and “Pastureland Rehabilitation”, has further enhanced
vegetation growth in some areas. In parts of southern Qinghai Province, the “greening” of
vegetation was primarily driven by temperature (Figure 12a). This can be explained as fol-
lows: This region is in the plateau subfrigid zone (Figure 1) but is part of the well-watered
Sanjiangyuan region. Consequently, vegetation growth is limited by low temperatures.
Over the past two decades, there has been a significant increase in temperature in the
region (Figure S1a), effectively alleviating this temperature limitation on vegetation growth.
This temperature rise has increased vegetation carbon accumulation by promoting the
photosynthetic rate and extending the growing season [58]. In the western part of Qinghai
Province and the northern part of Tibet, the “greening” of vegetation was primarily driven
by human activities (Figure 12a). This can be explained as follows: The region contains the
Qiangtang National Nature Reserve and the Sanjiangyuan National Nature Reserve, which
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serve as crucial ecological security barriers and water conservation areas. To ensure ecolog-
ical security in the region, a series of ecological restoration and environmental protection
projects have been implemented over the past two decades [39]. These projects include
“Grain for Green”, “Pastureland Rehabilitation”, “Grassland-livestock balance”, “Artificial
grass planting”, and “fertilization”. These measures have effectively restored damaged
ecosystems and enhanced vegetation productivity in the region [59].

There are three main drivers behind the significant “browning” of vegetation on the
QTP: precipitation, temperature, and human activities (Figure 12b). The “browning” of
vegetation in southeastern Tibet was primarily driven by precipitation (Figure 12b). Over
the past two decades, this region has experienced significant warming accompanied by a
declining trend in precipitation (Figure S1). The relatively low altitude of the region results
in relatively high temperatures throughout the year, and the vegetation is predominantly
forested (Figure 1), not stressed by low temperatures. Decreased precipitation, alongside
warming, can exacerbate drought conditions, inhibiting vegetation growth. Forests depend
primarily on deep soil roots to absorb water [60]. Warming reduces water in the topsoil
through evapotranspiration, which does not directly affect vegetation growth. Instead,
reduced precipitation directly inhibits vegetation growth by reducing deep soil moisture.
Vegetation “browning” in central Tibet was primarily driven by temperature (Figure 12b).
Similar to southeastern Tibet, this region has experienced significant “warming and dry-
ing” (Figure S1), leading to vegetation degradation due to increased drought. However,
unlike the forested areas of southeastern Tibet, central Tibet is characterized by typical
alpine steppes (Figure 1). Grasslands in this area support their physiological functions
primarily by absorbing surface soil water. Significant warming has led to a considerable
loss of surface water through evapotranspiration, which has severely inhibited vegetation
growth. On the QTP, 78% of the significant vegetation degradation was primarily driven by
human activities (Figure 12b). These areas were mainly distributed in the typical pastoral
regions, the Sanjiangyuan region, central Tibet, and the densely populated southeastern
Tibet. Numerous studies have pointed out that serious vegetation degradation in these
areas is due to overgrazing, urbanization, infrastructure construction, and other human
activities [32,61–63].

5.3. Limitations of the Current Study

Numerous studies have demonstrated that vegetation degradation and improvement,
primarily driven by human activities, were widespread on the QTP. However, this study
argues that the area of regions where significant change of vegetation was driven by human
activities may be overestimated. Accurately distinguishing the impacts of human activities
from interannual vegetation change is essential for determining whether human activities
truly drive vegetation change. Thus, it is crucial to reveal the influence of climate on
vegetation and accurately model the vegetation’s response to climatic factors. To address
this, this study investigated the time-lag effects of climate on vegetation growth. However,
certain issues were neglected, leading to uncertainty in identifying the driving factors.

(1) In addition to precipitation and temperature, climate factors, such as photosynthet-
ically active radiation, saturated water-vapor pressure difference, CO2 concentration, and
extreme climate along with their interactions, also influence the interannual variation of
vegetation greenness [59]. However, due to the need to ensure the validity of statistical
modeling with a limited sample size, these climate factors were disregarded in this study.
Consequently, many regions where vegetation variation could not be well explained by
climate were ultimately attributed to human activities.

(2) In addition to its direct impact on vegetation, warming may promote the melting
of snow and glaciers, thereby stimulating vegetation growth by indirectly increasing the
water available to plants. Warming may induce the thawing of permafrost, which is
widely distributed across the QTP. This may lower the water table, subsequently reducing
vegetation productivity by indirectly decreasing soil moisture. Overall, in the QTP, climate
affects vegetation through a variety of ecological processes. However, these indirect
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ecological processes were overlooked, leading to the misclassification of pixels as human
activity-driven rather than climate-driven.

(3) The response of vegetation to climate is inherently non-linear. Consequently, in
many regions, vegetation changes that should be driven by climate were attributed to
human activities, as they cannot be explained by linear climate models.

(4) In the QTP, meteorological observation stations are unevenly distributed, with
some areas having sparse coverage. As a result, climate products for this region have
lower accuracy compared to other regions. This discrepancy contributed to uncertainty in
identifying the driving factors.

(5) Even when the influence of climate is thoroughly accounted for, the impact of
human activities separate from vegetation change may also stem from unnatural factors
such as wildlife, rodents, and pests. Therefore, detecting anthropogenic impacts on the
QTP remains a scientific challenge that necessitates in-depth research.

6. Conclusions

This study investigates the time-lag effects of climate on vegetation growth to deter-
mine the drivers of vegetation change on the QTP from 2000 to 2020, utilizing a framework
derived from the RESTREND. By analyzing the trend of interannual variation in the vege-
tation GEVI and climate, the study explores the mechanisms driving vegetation change on
the QTP. The main conclusions are as follows:

(1) Considering the time-lag effects of climate significantly enhances the explanatory
power of climate on the interannual variation of vegetation.

(2) Increased precipitation in water-limited areas, significant warming in temperature-
limited areas, and the implementation of ecological restoration and environmental protec-
tion projects resulted in 31% of the vegetation on the QTP exhibiting “greening”.

(3) Drought caused by reduced precipitation and warming, unsustainable grassland
utilization, and intense human activities resulted in 2% of the vegetation on the QTP
exhibiting “browning”. The vast majority of the “browning” was primarily driven by
human activities.

(4) For areas with significantly improved vegetation, the area dominated by pre-
cipitation was greater than that dominated by temperature. Conversely, for areas with
significantly degraded vegetation, the area dominated by temperature was greater than
that dominated by precipitation.
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//www.mdpi.com/article/10.3390/rs16152839/s1, Figure S1: Spatial distributions of trends in
average temperature (a) and cumulative precipitation (b) during the growing season on the Qinghai-
Tibet Plateau, from 2000 to 2020.
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