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Abstract: The Southwest Alpine Canyon Area (SACA), a well-known ecological vulnerability region,
plays a very important role in China. Identifying the driving force of the spatial heterogeneity of
vegetation and the response of interannual vegetation changes to climate change and human activities
would be helpful for ecosystem management. Based on the NDVI dataset, the study analyzed the
trend of NDVI change from 2000 to 2019 using the Theil–Sen trend analysis and the Mann–Kendal
significance test, detected the driving forces of the spatial heterogeneity of NDVI by the means of the
geographical detector, and analyzed the relative contribution of climate change and human activities
to interannual NDVI changes using residual analysis model. The results showed that, in terms of
the spatial distribution, the pattern of NDVI showed that it is higher in the southeast and lower
in the northwest region of the SACA. Elevation was the dominant factor influencing the spatial
heterogeneity of NDVI, with the explanatory power of 64%, much larger than other factors, and
vegetation type, temperature, precipitation, land use type, and soil type were the main factors. In
addition, the explanatory power of the dual factor interaction was higher than that of the single factor
effect, which showed two kinds of interaction relationships: bivariate enhancement and nonlinear
enhancement. In terms of the temporal variation, 85.59% of the study area showed an increasing trend,
and only 14.41% of the area showed a decreasing trend. The main factor affecting NDVI changes
was human activities, and climate change was the secondary factor, with relative contributions of
71.35% and 28.65%, respectively. The study will promote a better understanding of the complex
mechanisms of vegetation changes and provide scientific recommendations for the prevention of
vegetation degradation and vegetation restoration in the SACA.

Keywords: vegetation change; remote sensing; normalized difference vegetation index; climate
change; human activities; geographical detector; residual analysis

1. Introduction

Terrestrial vegetation is an important component of ecosystems and plays an indis-
pensable role in ecosystem carbon balance, climate regulation, and water conservation [1–3].
However, the vegetation variation due to rapid climate change and intensified human
activities has led to imbalances in terrestrial ecosystems indirectly and to many other
ecological and environmental problems [4]. Especially in the high latitude and altitude
zones, including the SACA, compared with other regions, the speed of temperature rise is
significantly faster and the precipitation in the SACA has generally shown a decreasing
trend since 2000. The regional climate has been represented as “warming and drying”, and
the frequency of extreme heat events has increased significantly, affecting the vegetation
growth [5]. The impacts of human activities on vegetation changes have been paid more at-
tention, including urbanization, agricultural expansion, and ecological restoration projects,
which directly or indirectly affect the ecosystem balance and health [6,7]. Therefore, the
study of vegetation response to climate change and human activities has become a popular
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topic, which is essential to understand the spatiotemporal characteristics of vegetation and
its response mechanisms to environmental factors, and also helps in decision-making for
vegetation management and sustainable development.

Climatic conditions are the bases for vegetation growth, and their changes further
influence plant photosynthesis, soil respiration, and organic carbon decomposition [8].
Over a longer period, it can even change the potential vegetation types of a region [9]. Tem-
perature and precipitation have been considered to be the main climatic factors affecting
vegetation growth [10,11]. Temperature variation directly affects vegetation phenology,
physiological metabolism, and distribution patterns [12]. As the temperature rises, veg-
etation phenology tends to shift to an earlier date, leading to the enhancement of plant
photosynthesis and water utilization efficiency, thus stimulating vegetation growth [13,14].
However, when the temperature rises to over a certain threshold, plant photosynthesis is
inhibited, while respiration is enhanced, nutrient consumption increases, and vegetation
growth is inhibited [15,16]. The effect of precipitation on vegetation is more obvious in arid
and semi-arid regions, where the vegetation is more sensitive to precipitation variation due
to the effect of water deficit, and the increase in precipitation can effectively enhance the
available soil water content to promote the activity of root system [17]. In humid areas,
excessive precipitation can lead to a deficit of oxygen supply in the soil, affecting breath
and nutrient absorption of root system and resulting in restricted vegetation growth [18,19].
However, solar radiation is often overlooked in research. Solar radiation, the source of
energy for plant photosynthesis, can enhance the efficiency of plant photosynthesis when
an appropriate amount of solar radiation is received, thus promoting vegetation growth,
and on the contrary, excessive solar radiation can increase the plant evapotranspiration
and inhibit the vegetation photosynthesis, leading to a slowdown of plant metabolism and
growth [20,21].

Studies have shown that about 30% to 50% of the global land cover has been affected
by human activities, and there are obvious differences in the degree of human activities’
impacts on different land cover types [22]. Therefore, in previous studies, land cover change
has often been used as an important means for examining the impact of human activities on
vegetation change, which varies corresponding to different land cover scenarios [23]. The
impact of human activities on vegetation growth represents duality, and on the one hand,
land use changes such as accelerating urbanization, the rapid expansion of construction
sites, overgrazing, deforestation, and poorly planned agricultural reclamation caused
by human activities are the main causes of vegetation degradation and destroy natural
vegetation [24]; on the other hand, the implementation of forestry ecological engineering
projects in China have made vegetation changes to increase land cover [25], in which land
use changes induced by afforestation are the main cause of vegetation improvement in
China. In the past 20 years, a series of forestry ecological engineering projects, including
returning farmland to forests and grasslands project, the natural forest resources protection
project, and comprehensive treatment project of karst rocky desertification have been
implemented in China, which significantly increase the vegetation coverage and obviously
improve the ecological environment [26].

The SACA, located in the Qinghai–Tibet Plateau with a unique topography and appar-
ently a unique spatial heterogeneity, is an ecologically vulnerable zone where the ecosystem
is very sensitive and unstable to climate change. In recent years, some scholars have ana-
lyzed the spatiotemporal vegetation evolution at different spatiotemporal scales and its
driving forces using different methods such as trend analysis, correlation analysis, statistics,
and geographic spatial analysis techniques [27,28]. In terms of the spatial distribution, the
vegetation cover in the SACA showed a spatial distribution pattern of “high in the south-
east and low in the northwest”, and the spatial distribution characteristics of temperature
and precipitation were similar to those of the vegetation cover, and they explained well the
variability in the spatial distribution of the regional vegetation [29]. In terms of temporal
changes, the overall vegetation cover in the SACA has increased significantly in the last
20 years, which is significantly correlated with temperature and precipitation changes,
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where the vegetation cover shows a positive correlation with temperature changes and a
negative correlation with precipitation changes [30]. In addition, among the anthropogenic
factors, the implementation of forestry ecological projects effectively restored the regional
vegetation, which was the main reason for the improvement of vegetation cover [31]. The
secondary reason is the influence of urbanization, and the recent study on the character-
istics of vegetation dynamics under county-scale urbanization found that the impacts of
urbanization on vegetation change showed a significant spatial heterogeneity due to the
differences in natural background and economic development stages and represented a
“U”-shaped relationship between urbanization rate and the slope of NDVI change [32].
Although some analyses have been conducted on the impacts of climate change and human
activities on the vegetation change in the SACA, there is still a lack of systematic research on
the driving mechanism of this vegetation change. When analyzing the influence of climate
factors on vegetation change, only temperature and precipitation were considered, while
solar radiation was ignored, and its influence on vegetation change needs to be clarified.
The effect of land use type changes on vegetation should be considered. Previous studies
on vegetation change and influencing factors in the SACA mostly focused on a specific
type, or a few indicators, without explicitly clearing the climate change and the impacts of
human activities, and the spatial interactions between them.

The objectives of this study are as follows: (1) to reveal the spatiotemporal characteris-
tics of NDVI in the SACA during the past 20 years; (2) to detect the driving forces of NDVI
spatial heterogeneity; and (3) to assess the relative roles of climate change and human
activities on the changes in NDVI. It may provide a scientific basis for the monitoring,
management, and protection of vegetation dynamics in the SACA; furthermore, sustainable
forest management interventions can be proposed in a more targeted manner for achieving
the goal of green and sustainable development.

2. Study Area

The SACA is located at the junction of Sichuan, Tibet, and Yunnan provinces, with
an area of about 61.10 × 104 km2 and geographical coordinates between 24◦58′7.47′′~
32◦51′24.93′′ N and 91◦23′48.24′′~104◦13′43.55′′ E. The elevation ranges from 88 to 6830 m,
the terrain is undulating and complex, and the landscape is dominated by mountains,
hills, and plateaus (Figure 1). The climate changes from the southeast to the northwest
across arid, semi-arid, semi-humid, and humid zones, with an average temperature of
−2.98~21.89 ◦C and an average precipitation of 296.62~2302.90 mm. According to the soil
and water conservation function zoning, it can be divided into Northwest Yunnan Alpine
Canyon Ecological Maintenance Area (NYAC), North Yunnan–Southwest Sichuan Alpine
Canyon Water Storage and Soil Conservation Area (NYSS), East Tibet–West Sichuan Alpine
Canyon Ecological Maintenance Water Containment Area (ETWS), and Southeast Tibet
Alpine Canyon Ecological Maintenance Area (STAC) (Figure 1).
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Figure 1. Geographic location of the study area.

3. Data and Methods
3.1. Data Sources and Processing

The NDVI data were obtained from the SPOT vegetation NDVI dataset of the Resource
and Environmental Science and Data Center of the Chinese Academy of Sciences (https://
www.resdc.cn/, accessed on 10 September 2023), spanning from January 2000 to December
2019, with a spatial resolution of 1 km, and the maximum value synthesis method was
used to calculate the annual NDVI dataset (Table 1). Climatic factor data mainly include
temperature, precipitation, and solar radiation datasets, of which the temperature and
precipitation datasets were obtained from the National Earth System Science Data Center
(http://www.geodata.cn, accessed on 12 September 2023), and the solar radiation dataset
was obtained from worldclim (https://worldclim.org/, accessed on 12 September 2023),
whose spatial resolutions were all 1 km. The dataset was cropped using the ArcGIS (Version
10.2 (2013), Environmental Systems Research Institute, Redlands, CA, USA, https://www.
esri.com, accessed on 10 September 2023) to obtain the dataset of climate factors in the
SACA. The DEM was downloaded from Geospatial Data Cloud (https://www.gscloud.cn/,
accessed on 12 September 2023) with a spatial resolution of 30 m, and its spatial resolution
was changed to 1 km using resampling. After this, the DEM of the study area was obtained
by cropping, and the slope was further extracted. Vegetation type, soil type, land use type,
population density, and GDP data were obtained from the Environmental Science and Data
Center of the Chinese Academy of Sciences with a spatial resolution of 1 km, and the above
datasets were obtained by cropping.

https://www.resdc.cn/
https://www.resdc.cn/
http://www.geodata.cn
https://worldclim.org/
https://www.esri.com
https://www.esri.com
https://www.gscloud.cn/
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Table 1. Data sources in this study.

Categories Factors Abbreviations Spatial Resolution Source

NDVI 1 km Resource and Environmental Sciences Data Center
(https://www.resdc.cn/)

Natural
factors

Elevation Ele 30 m Geospatial Data Cloud (https://www.gscloud.cn/sources/,
accessed on 12 September 2023)Slope Slo 30 m

Solar radiation Sol 1 km National Earth System Science
Data Center (http://www.geodata.cn/,

accessed on 12 September 2023)
Precipitation Pre 1 km
Temperature Tem 1 km

Soil type Soi 1 km Resource and Environmental Sciences Data Center
(https://www.resdc.cn/, accessed on 12 September 2023)Vegetation type Veg 1 km

Anthropogenic
factors

Land use type Lut 1 km Resource and Environmental Sciences Data Center
(https://www.resdc.cn/, accessed on 12 September 2023)GDP GDP 1 km

Population density Pop 1 km

3.2. Methods
3.2.1. The Trends Analysis

The Theil–Sen trend analysis [33] was used to calculate the change slope (θ) of time
series data. Then, the Mann–Kendall (MK) significance test [34] was used to determine
whether the change trends were significant. Based on the change slope (θ) and significance
level (p-value), the NDVI trend was classified into four types: significant decrease (θ < 0,
p < 0.05), insignificant decrease (θ < 0, p ≥ 0.05), insignificant increase (θ > 0, p ≥ 0.05), and
significant increase (θ > 0, p < 0.05).

3.2.2. Correlation Analysis

The study examined the impact of climate factors on vegetation growth by analyzing
pixel-by-pixel correlations and significance using partial correlation coefficients and t-tests
to reveal how NDVI responds to specific climate changes [35–37]. According to the partial
correlation coefficient (R) and significance level (p-value), the degree of correlation was
classified into four types: significant negative correlation (R < 0, p < 0.05), insignificant
negative correlation (R < 0, p ≥ 0.05), insignificant positive correlation (R > 0, p ≥ 0.05), and
significant positive correlation (R > 0, p < 0.05).

3.2.3. Geographical Detector Model

The geographical detector was employed to assess the driving forces of the influence
factors on the spatial heterogeneity of NDVI. In this study, the geographical detector was
used to measure the magnitude of their influence, represented by the q value (0 ≤ q ≤ 1),
where a higher q value indicates a stronger influence. The formula for calculating the q
value is as follows [38,39]:

q = 1− SSW
SST

(1)

SSW = ∑L
h=1 Nhρ2

h (2)

SST = Nρ2 (3)

where h = 1, 2, 3. . .L is the stratification of the independent variable X; Nh is the number of
units in stratum h; N is the number of units in the whole region; ρ2

h is the variance of the h
layer; and ρ2 is the variance of the whole region. SST represents the within-layer variance;
SSW represents the sum of variance of the whole region.

The function of the interaction detector is to identify the interactive effects between
different factors. First, the q values of the independent variables X1 and X2 are denoted
as q(X1) and q(X2), and then, q(X1∩X2) is calculated for the interaction of the independent
variables X1 and X2, and q(X1 ∩ X2) is compared with the values of q(X1) and q(X2) to
determine whether the interactive effects of the independent variables X1 and X2 have an

https://www.resdc.cn/
https://www.gscloud.cn/sources/
http://www.geodata.cn/
https://www.resdc.cn/
https://www.resdc.cn/
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enhanced or weakened influence on the dependent variable Y. The specific judgment basis
is shown in Table 2.

Table 2. The types of interactions and judgment bases.

Judgment Basis Role Relationship

q(X1 ∩ X2) < Min [q(X1), q(X2)] Nonlinear weakening
Min [q(X1), q(X2)] < q(X1 ∩ X2) < Max [q(X1), q(X2)] Single-factor nonlinear attenuation

q(X1 ∩ X2) > Max [q(X1), q(X2)] Bivariate enhancement
q(X1 ∩ X2) = q(X1) + q(X2) Independent
q(X1 ∩ X2) > q(X1) + q(X2) Nonlinear enhancement

3.2.4. Residual Analysis Model and Calculation of Relative Contribution

The residual analysis can quantitatively separate the effects of climate change and
human activities on vegetation [40]. By constructing a multiple regression analysis model
between NDVI and climate factors, the predicted value (NDVICC) was obtained to charac-
terize the effect of climate change on NDVI, while the difference (NDVIHA) between the
NDVI value extracted from remote sensing images and NDVICC characterizes the effect of
HA on NDVI. The mathematical expression of the model is as follows:

NDVIHA = NDVI − NDVICC (4)

NDVICC = a × P(i, t) + b × T(i, t) + c × S(i, t) + d (5)

where a, b, c, and d represent regression coefficients; P is the annual precipitation; T is the
average annual temperature; and S is the annual solar radiation.

The drivers of NDVI changes were categorized based on NDVIHA, NDVICC, and NDVI
change slope, and their relative contributions were quantified using specific classification
criteria and a formula for calculation [41,42], as detailed in Table 3.

Table 3. Identification of drivers of NDVI change and calculation of relative contribution.

θ
Drivers

Relative Contribution of
Climate Change

Relative Contribution of
Human ActivitiesNDVI NDVIHA NDVICC

>0
>0 >0 CC&HA |θ(NDVICC)|

|θ(NDVICC)|+|θ(NDVIHA)|
|θ(NDVIHA)|

|θ(NDVICC)|+|θ(NDVIHA)|
>0 <0 HA 100% 0
<0 >0 CC 0 100%

<0
<0 <0 CC&HA |θ(NDVICC)|

|θ(NDVICC)|+|θ(NDVIHA)|
|θ(NDVIHA)|

|θ(NDVICC)|+|θ(NDVIHA)|
<0 >0 HA 100% 0
>0 <0 CC 0 100%

Note: CC and HA represent climate change and human activities, respectively.

4. Results and Analysis
4.1. Characteristics of Spatiotemporal Variations in NDVI
4.1.1. Spatial Distribution Pattern in NDVI

The SACA exhibits a high level of vegetation cover, with mean NDVI values of 0.60,
0.64, and 0.69 in 2000, 2010, and 2019, respectively. Significant spatial variations in NDVI
distribution are observed, and the areas with medium-high and high vegetation cover are
primarily concentrated in the NYAC, NYSS, Southern STAC, and Eastern ETWS. The areas
with low and medium-low vegetation cover are primarily situated in the northwestern
part of the study area (Figure 2). From 2000 to 2019, the proportion of the areas with high
vegetation cover increased from 7.78% to 43.82%, which was mainly transformed by the
areas with medium-high vegetation cover, resulting in a reduction in the percentage of
the areas with medium-high vegetation cover, particularly in the NYAC and NYSS. The



Forests 2023, 14, 2357 7 of 18

proportion of areas with medium vegetation cover showed a decreasing trend, transforming
into areas with medium-high vegetation cover, mainly located in the Eastern ETWS. The
proportion of the areas with low and medium-low vegetation cover remained relatively
stable, hovering around 13%.
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(0.4 ≤ NDVI < 0.6), medium-high vegetation cover (0.6 ≤ NDVI < 0.8), and high vegetation cover
(NDVI ≥ 0.8).

4.1.2. Temporal Variation Characteristics in NDVI

The NDVI in the SACA from 2000 to 2019 showed an increasing trend, with the mean
value of the change slope (θ) of 0.0022 (Figure 3a), and the proportion of areas with θ > 0
was 85.59%, of which the ones that achieved the required significance level (p < 0.05)
accounted for 66.72%, and they were mainly distributed in the NYAC, NYSS, Northern
ETWS, and Southern STAC. The percentage of the areas with a decreasing trend of NDVI
was 14.41%, with 3.71% of the area achieving the required significance level (p < 0.05),
mainly distributed at the junction of the ETWS and the STAC (Figure 3b).

4.2. Characteristics of Climate Change and the Correlation Analysis of NDVI Change
4.2.1. Spatiotemporal Variation Characteristics of Climate Factors

The study used the Theil–Sen trend method to analyze the characteristics of climate
factor changes, and the results showed that the overall climate change in the SACA from
2000 to 2019 showed “warming and drying”. The temperature in the region showed an
increasing trend, with an increase ranging from 0.002 to 0.046 ◦C·a−1, and a mean value
of 0.02 ◦C·a−1. The larger increase was observed in the STAC and the Western ETWS,
while other regions exhibited smaller increases (Figure 4a). The precipitation exhibited
a fluctuation range of −19.23 to 10.69 mm·a−1, with a mean value of −3.97 mm·a−1.
Overall, 77.28% of the study area, with a decreasing trend, was located in the southwestern
part of the study area. The proportion of areas with an increasing trend was 22.72%,
primarily in the Eastern NYSS and the Northern ETWS (Figure 4b). The fluctuation range
of solar radiation was −33.17 to 77.97 MJ·m−2·a−1, with a mean value of 6.92 MJ·m−2·a−1.
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Approximately 25.73% of the study area displayed a decreasing trend, mainly in the STAC
and the Northern ETWS, while the rest of the region (74.27%) showed an increasing trend
(Figure 4c).
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4.2.2. Correlation Analysis between Climate Factors and NDVI

The study analyzed the correlation between NDVI and the time series changes in
temperature, precipitation, and solar radiation from 2000 to 2019, utilizing partial corre-
lation coefficients and t-tests. The results indicated that the proportion of areas with a
positive correlation between NDVI and temperature was 78.02% (23.22%, p < 0.05), mainly
distributed in the northern part of the study area. The proportion of negatively correlated
areas was 21.98% (2.76%, p < 0.05), concentrated at the junction of the ETWS and the
STAC (Figure 5a,b). For NDVI and precipitation, approximately 46.92% of the study area
showed a positive correlation (7.98%, p < 0.05), concentrated in the Northern ETWS and
the Eastern NYSS. Meanwhile, 53.08% of the study area exhibited a negative correlation
(10.25%, p < 0.05), mainly in the southwestern region of the study area (Figure 5c,d). Con-
cerning NDVI and solar radiation, around 64.62% of the study area displayed a positive
correlation (11.18%, p < 0.05), mainly in the central and northeastern parts of the study area.
The remaining 35.38% of the study area exhibited a negative correlation (4.04%, p < 0.05),
primarily in the Northern ETWS (Figure 5e,f).

Overall, among the climatic factors, the highest percentage of partial correlation coeffi-
cients that passed the significance test was 25.98% for NDVI and temperature, indicating
that temperature is the dominant climatic factor influencing NDVI changes. In the ETWS,
the proportions of the areas where the partial correlation coefficients passed the significance
test were the highest among all regions, with precipitation and NDVI, temperature and
NDVI, and solar radiation and NDVI showing significant correlation proportions of 21.90%,



Forests 2023, 14, 2357 9 of 18

28.57%, and 17.94%, respectively. This suggests that the ETWS is more sensitive to climate
change than other regions and is susceptible to its impacts.
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4.3. Analysis of Land Use Type Change

The transformation of land use type can visually reflect the alteration in natural land
by HA, and this transformation significantly influences vegetation changes. According to
the results of Figure 6 and Table 4, it can be seen that forest and grassland are the main
land use type in the SACA, with each accounting for more than 38% of the study area
in both 2000 and 2018. They are followed by bare land, occupying more than 9% of the
study area, while the share of other land use types remains relatively small, with none
exceeding 5%. The SACA experienced significant land use type transformations from
2000 to 2018, affecting an area of 231,851 km2, which accounts for 37.94% of the study
area. During this period, the areas covered by water and bare land decreased, totaling
5172 km2 and 24,257 km2, respectively. Other land use types increased in area, especially
forest and grassland, which had the highest increase in area, which were 12,637 km2 and
13,773 km2, respectively. This increase was mainly due to the conversion of bare land into
forest and grassland, aside from mutual transformations between the two. Construction
land exhibited the highest growth rate among land use types, increasing from 507 km2

in 2000 to 1172 km2 in 2018 and representing a growth rate of 131.16%. This growth is a
consequence of economic development and rapid urban expansion.
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Table 4. Transfer matrix of land use type change (area: km2).

Land Use Type

2018

To
Cropland To Forest To Grassland To Water To Construction

Land To Bare Land Total

2000

From cropland 9074 7916 5325 381 459 42 23,197
From forest land 8958 189,284 57,610 1436 158 3909 261,355
From grassland 6923 61,944 146,471 1890 272 14,987 232,487

From water 270 1655 4486 2939 19 4808 14,177
From construction land 201 58 78 25 126 19 507

From bare land 125 13,135 32,290 2334 138 31,281 79,303
Total 25,551 273,992 246,260 9005 1172 55,046 611,026

4.4. Detection of Factors Influencing the Spatial Heterogeneity of NDVI
4.4.1. Single Factor Detection

The single factor detection determined the explanatory power (q value) of each factor
on the spatial heterogeneity of NDVI, ranking them as follows (Table 5): elevation >
vegetation type > temperature > precipitation > land use type > soil type > solar radiation
> population density > GDP > slope. Elevation is the dominant factor in the spatial
heterogeneity of NDVI, with an explanatory power of 64%, which is much larger than that
of other factors. Secondly, vegetation type, temperature, precipitation, land use type, and
soil type had an explanatory power of not less than 40%, which was the main influence
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factor of the NDVI spatial heterogeneity. The explanatory power of solar radiation is 27%,
and it is a secondary factor. The explanatory power of other factors is weak, all below 10%,
which is basically negligible.

Table 5. The q values of factor detection.

Regions Ele Slo Sol Pre Tem Soi Veg Lut GDP Pop

SACA 0.637 0.011 0.267 0.492 0.507 0.400 0.518 0.430 0.057 0.072
NYAC 0.480 0.008 0.030 0.425 0.361 0.381 0.288 0.284 0.028 0.106
NYSS 0.128 0.071 0.109 0.115 0.112 0.098 0.075 0.092 0.071 0.041
ETWS 0.568 0.014 0.219 0.351 0.422 0.205 0.438 0.344 0.001 0.001
STAC 0.775 0.021 0.316 0.755 0.687 0.673 0.700 0.540 0.007 0.004

From the point of view of soil and water conservation zones, there are differences in
the explanatory power of the factors on the spatial heterogeneity of NDVI. Elevation had
the highest explanatory power in all soil and water conservation zones, and its influence
was significant in the NYAC, ETWS, and STAC, with the explanatory powers of 48%, 57%,
and 78%, respectively, but the explanatory power was significantly lower in the NYSS, at
13%. Vegetation type, temperature, precipitation, land use type, and soil type exhibited
explanatory powers exceeding 20% in all regions except for NYSS, where its influence was
less pronounced. Solar radiation displayed weak explanatory power, with the values of
only 3% and 11% in the NYSS and NYAC, respectively, but relatively higher values of 22%
and 32% in the ETWS and STAC, respectively. Slope, GDP, and population density had
weak explanatory powers in all the soil and water conservation zones. In the SACA, the
explanatory powers of primary and secondary factors for the NDVI spatial heterogeneity
were significantly enhanced in the STAC, while other zones experienced varying degrees
of weakening, with the most noticeable reduction observed in the NYSS.

4.4.2. Interaction Detection

The interaction detector assessed the explanatory power of interactions between the
influencing factors of the NDVI spatial heterogeneity. The results revealed that the q values
of interactions between two factors surpassed those of individual factors, demonstrating the
relationships of bivariate enhancement and nonlinear enhancement. The explanatory power
of the interaction between elevation and other factors is more than 60%. The elevation ∩
vegetation type interaction had the highest explanatory power of 71%, followed closely by
elevation ∩ land use type and elevation ∩ solar radiation, both having 70%. Interactions
between dominant and primary factors generally exhibited high explanatory powers, with
all exceeding 40% (Figure 7a). These interactions demonstrated that the influences of factors
on the NDVI spatial heterogeneity were not independent but rather cooperative.

From the perspective of soil and water conservation zones, there are differences in
the explanatory power of the interaction between the influencing factors. As shown in
Figure 7b–e, in the NYAC, elevation ∩ soil type exhibited the highest explanatory power,
followed by elevation ∩ precipitation and soil type ∩ precipitation, all surpassing 56%. In
the NYSS, the explanatory power of elevation ∩ solar radiation was the highest, followed
by elevation ∩ precipitation and elevation ∩ temperature, both exceeding 25%. In the
ETWS, the explanatory power of elevation ∩ temperature is the highest, followed by those
of elevation ∩ temperature and elevation ∩ land use type, all surpassing 60%. In the STAC,
the top three combinations of factor interactions were elevation ∩ vegetation type, elevation
∩ soil type, and elevation ∩ precipitation, all exceeding 81%. The explanatory powers of
the interaction between elevation and other factors were the highest in all soil and water
conservation zones, which further verified that the influence of elevation on the spatial
heterogeneity of NDVI in the SACA was dominant.
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4.5. Impacts of Climate Change and Human Activities on NDVI Changes
4.5.1. Changes in NDVI under the Influence of Climate Change and Human Activities

NDVICC and NDVIHA from 2000 to 2019 were subjected to the Theil–Sen trend analysis
and the MK significance test, which indicated the characteristics of NDVI changes under
the influence of climate change and human activities, respectively. Under the influence
of climate change, 86.56% of the study area showed an increasing trend for NDVI, of
which 34.23% achieved the required significance level (p < 0.05), and these regions were
distributed in the Northern STAC, the Western and Northeastern ETWS, and the Northern
NYSS. The percentage of the areas with a decreasing NDVI was 13.44%, of which 4.81%
achieved the required significance level (p < 0.05), mainly at the junction of the STAC and
the ETWS (Figure 8a).
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Under the influence of human activities, 83.72% of the study area showed an increas-
ing trend for NDVI, of which 51.89% achieved the required significance level (p < 0.05),
mainly in the NYAC, NYSS, Southern STAC, and Central ETWS. The proportion of areas
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with a decreasing NDVI was 16.28%, of which 2.03% achieved the required significance
level (p < 0.05) and are mainly distributed in the Eastern ETWS and the Northern STAC
(Figure 8b).

The impact of climate change was relatively higher in the STAC and the ETWS, with
42.08% and 36.20% of the regions showing a significant level of NDVI trend, compared to
19.44% and 20.29% of the NYAC and the NYSS, respectively. The proportion of the areas
with a significant level of NDVI trend in the NYAC and the NYSS under the influence
of human activities were 72.43% and 84.52%, respectively, whereas those in the STAC
and the ETWS were lower than 50%. The impacts of human activities on the NYAC and
the NYSS were relatively higher. Generally speaking, the effects of climate change and
human activities on vegetation have both positive and negative effects but mainly focus on
improvement, and the positive promotion effect of human activities is stronger than that of
climate change.

4.5.2. Driving Mechanism of NDVI Changes

According to Figure 9, which shows the spatial distribution of the NDVI change
drivers. The proportion of the areas where NDVI rises were driven by both climate change
and human activities was 76.68%, and those areas were mainly distributed in the NYAC,
NYSS, Southern STAC, and Northern ETWS. The proportion of the areas where NDVI rises
were driven by climate change alone was 3.79%, and these areas were mainly distributed
in the Southwest ETWS, and the proportion of the areas where NDVI rises were driven
by human activities alone was 5.12%, and these areas were scattered in the North ETWS
and the North NYAC. The proportion of the areas where NDVI decreases were driven by
both climate change and human activities was 8.42%, and these areas were concentrated
at the junction of the ETWS and the STAC. The areas where NDVI decreases were due
to climate change alone were scattered in the Western ETWS, with a proportion of 1.93%.
The proportion of the areas where NDVI declines were due to human activities alone was
4.07%. These areas were mainly concentrated in the Southern ETWS and the Eastern STAC.
Overall, the changes in NDVI are mainly influenced by the combination of climate change
and human activities.
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4.5.3. The Relative Contributions of Climate Change and Human Activities to
NDVI Changes

The relative contributions of climate change and human activities to NDVI changes
were calculated based on θ (NDVIHA), θ (NDVICC), and θ (NDVI). Overall, the relative con-
tribution of climate change to NDVI changes was 28.65%, while the relative contributions
of human activities was 71.35%. The relative contributions of climate change were higher
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in the ETWS and the STAC, with 32.35% and 30.01%, respectively, and the relative contribu-
tions of climate change in the NYAC and the NYSS were 21.68% and 19.94%, respectively.
The relative contribution of human activities is higher than that of climate change, and
the relative contributions of the ETWS, STAC, NYAC, and NYSS were 67.65%, 69.99%,
78.32%, and 80.06%, respectively. To further elaborate on the contribution of climate change
and human activities to vegetation growth, the study area was divided into increased and
decreased areas based on the slope of NDVI change (Figures 10 and 11).
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The relative contributions of climate change and human activities within the increased
area of NDVI were 28.93% and 71.07%, respectively. The proportion of the areas with an
NDVI rise dominated by climate change (relative contribution > 50%) was 16.90%, and
these areas were mainly concentrated in the Northeast ETWS and at the junction of the
ETWS and the STAC. In the remaining 83.10% of the study area, the relative contribution
of human activities exceeded 50% (Figure 11a,b). Within the decreased area of NDVI, the
relative contributions of climate change and human activities were 26.96% and 73.04%,
respectively. The proportion of the regions with climate change contributing to more than
50% of the NDVI decline was 23.01%, which were mainly distributed at the junction of the
ETWS and the STAC. The proportion of the areas where the relative contribution of human
activities led to the decrease in NDVI, exceeding 50%, was 76.99%, and these areas were
mainly distributed in local regions of the ETWS and the STAC (Figure 11c,d).

5. Discussion

The vegetation cover in the SACA has an obvious spatial heterogeneity, showing a
spatial distribution pattern of “high in the southeast and low in the northwest.” Elevation is
the dominant factor influencing the spatial heterogeneity of vegetation, and its distribution
is similar to the distribution of vegetation cover, which is in agreement with the findings of
Tao et al. [43]. In the SACA, the terrain is highly undulating and complex, and the change
in elevation affects the regional hydrothermal conditions, which in turn affects the spatial
distribution of vegetation types and soil types. As the elevation increases, the regional
hydrothermal conditions become worse, and the soil is relatively infertile, resulting in
poorer vegetation growth [44,45]. In addition, the intensity and extent of human activities
are affected by changes in elevation [46]. Therefore, elevation has the highest explanatory
power for the spatial differentiation of vegetation in the SACA.

NDVI showed an increasing trend in 85.59% of the study area, and only 14.41% of
the area showed a decreasing trend. The relative contribution of climate change to NDVI
change was 28.65%. Climate change in the SACA showed warming and drying trends
from 2000 to 2019, with temperature and solar radiation increasing at a rate of 0.02 ◦C·a−1

and 6.92 MJ·m−2·a−1, respectively, and precipitation decreasing at a rate of −3.97 mm·a−1.
There was a significant variability in the effects of NDVI changes on different climate
factors. Overall, temperature and solar radiation were positively correlated with NDVI
changes, while precipitation was negatively correlated with NDVI changes. Among them,
temperature was the dominant climate factor affecting NDVI changes, which was consistent
with the results of Duan et al.’s research [31]. The average annual temperature in the
SACA is low, and the increase in temperature is favorable for the decomposition and
release of soil nutrients and organic matter. It also can extend the growth season of
plants, playing an important role in promoting the growth of vegetation [19]. However,
temperature increase has a negative effect on the NDVI trend at the junction between
the ETWS and the STAC. Due to an excessive temperature increase in this area, surface
evaporation has increased and soil moisture content had decreased, inhibiting vegetation
growth [16]. Solar radiation is an important source of photosynthesis for vegetation, and an
increase in solar radiation enhances the photosynthetic capacity of vegetation and promotes
vegetation growth. Conversely, a decrease in solar radiation inhibits vegetation growth [47].
The trend of precipitation change in the study area increases from the southwest to the
northeast. In areas with reduced precipitation, it is negatively correlated with NDVI. The
precipitation in the region is relatively low, and an increase in precipitation leads to an
increase in soil evaporation and vegetation water consumption, which in turn inhibits
vegetation growth. However, this inhibitory effect is insignificant, perhaps because the
promoting effects of temperature and solar radiation are stronger than the effect of reduced
precipitation. In the Eastern NYSS and the Northern ETWS, the increase in precipitation has
a significant promoting effect on vegetation growth. The partial correlation coefficients of
temperature and precipitation with NDVI were significantly higher in the area with a higher
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precipitation, and there might be a synergistic contribution effect due to the simultaneous
increase in temperature and precipitation [48].

The relative contribution of human activities to NDVI change was 71.35%, which was
the dominant factor of the NDVI change in the SACA, which is in agreement with the
findings of Chen et al. [30]. There is a double effect of the influence of human activities. On
the one hand, due to a series of forestry and ecological projects implemented by the state
over the years, such as the protection of natural forest resources, the construction of the
protection forest system in the Yangtze River Basin, the return of farmland to forest and
grassland, and the comprehensive treatment of karst rocky desertification, the bare land has
been reduced to a large degree and converted into forest and grassland, which promotes the
growth of vegetation, and this is one of the main reasons for the increase in NDVI [43,49].
On the other hand, the degradation of a large amount of forest and grassland due to
indiscriminate logging and overgrazing has led to a decrease in NDVI. In addition, with the
regional economic development and the accelerated process of urbanization, the expansion
of construction land was obvious, and the construction land increased exponentially from
2000 to 2018, encroaching on forest, grassland, and cropland, which inhibited the growth of
vegetation [50]. Overall, the positive effects of human activities on vegetation are higher
than the negative effects.

6. Conclusions

In this paper, we analyzed the spatiotemporal variation in NDVI in the SACA from
2000 to 2019, as well as the level of influence of driving forces on the NDVI spatial hetero-
geneity, and we quantified the relative contributions of climate change and human activities
to the temporal changes in NDVI. The main conclusions of this paper are as follows: In
terms of spatial distribution, NDVI shows a spatial distribution pattern that is high in the
southeast and low in the northwest. Elevation was the dominant factor influencing the
NDVI spatial heterogeneity, with an explanatory power of 64%, which is much larger than
that of other factors. Vegetation type, temperature, precipitation, land use type, and soil
type were the main factors affecting the spatial heterogeneity of NDVI. In addition, the
explanatory power of the interaction between two factors in all cases was higher than that
of the single factor effect, and it showed two kinds of interaction relationships: bivariate
enhancement and nonlinear enhancement. In terms of temporal variation, NDVI showed
an increasing trend in 85.59% of the study area, and only 14.41% of the area showed a
decreasing trend. The main factor affecting NDVI changes was human activities, and
climate change was the secondary factor, with relative contributions of 71.35% and 28.65%,
respectively. We especially need to pay attention to the junction of the STAC and the ETWS
that has a high elevation, a low vegetation cover, and a significant degradation of vegetation
due to climate change and human activities from 2000 to 2019, and it should be a key area
for ecological restoration in the future.
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