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Abstract: Understanding the driving mechanisms of vegetation development is critical for maintain-
ing terrestrial ecosystem function in mountain areas, especially under the background of climate
change. The Qinba Mountains (QBM), a critical north–south transition zone in China, is an envi-
ronmentally fragile area that is vulnerable to climate change. It is essential to characterize how
its ecological environment has changed. Currently, such a characterization remains unclear in the
spatiotemporal patterns of the nonlinear effects and interactions between environmental factors
and vegetation changes in the QBM. Here, we utilized the Normalized Difference Vegetation Index
(NDVI), obtained from Google Earth Engine (GEE) platform, as an indicator of terrestrial ecosystem
conditions. Then, we measured the spatiotemporal heterogeneity for vegetation variation in the QBM
from 2003 to 2018. Specifically, the Geodetector method, a new geographically statistical method
without linear assumptions, was employed to detect the interaction between vegetation and environ-
mental driving factors. The results indicated that there is a trend of a general increase in vegetation
growth amplitude (the average NDVI increased from 0.810 to 0.858). The areas with an NDVI greater
than 0.8 are mainly distributed in the Qinling Mountains and the Daba Mountains, which account
for more than 76.39% of the QBM area. For the entire region, the global Moran’s index of the NDVI
is greater than 0.95, indicating that vegetation is highly concentrated in the spatial domain. The
Geodetector identified that landform type was the primary factor in controlling vegetation changes,
contributing 24.19% to the total variation, while the explanatory powers of the aridity index and
the wetness index for vegetation changes were 22.49% and 21.47%, respectively. Furthermore, the
interaction effects between any two factors outperformed the influence of a single environmental
variable. The interaction between air temperature and the aridity index was the most significant
element, contributing to 47.10% of the vegetation variation. These findings can not only improve our
understanding in the interactive effects of environmental forces on vegetation change, but also be
a valuable reference for ecosystem management in the QBM area, such as ecological conservation
planning and the assessment of ecosystem functions.

Keywords: vegetation dynamic; Geodetector; remote sensing; environmental factors; spatial heterogeneity;
Google Earth Engine (GEE); Qinba Mountains

Remote Sens. 2022, 14, 5794. https://doi.org/10.3390/rs14225794 https://www.mdpi.com/journal/remotesensing

https://doi.org/10.3390/rs14225794
https://doi.org/10.3390/rs14225794
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0002-2559-0241
https://doi.org/10.3390/rs14225794
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/article/10.3390/rs14225794?type=check_update&version=2


Remote Sens. 2022, 14, 5794 2 of 20

1. Introduction

Terrestrial vegetation, as a sensitive factor in global climate change, plays a key role
in the material and energy cycles between biosphere and atmosphere. Its spatiotemporal
variability can reveal the connections between environmental factors (e.g., precipitation,
temperature, and elevation) and vegetation physiological activities (e.g., photosynthesis
and respiration) [1,2]. Thus, it is urgent to explore the spatiotemporal patterns of vegetation
changes and the related driving forces, from a global scale to a local scale, especially in
climate-change-sensitive areas, such as a climatic transition zone or high-altitude regions.
These works will widen our path in understanding global changes and the corresponding
mechanisms. It is obvious that terrestrial vegetation is a complex ecosystem that evolves
with multiple driving elements. Generally, previous studies that focused on vegetation
change mainly employed a linear correlation approach to depict the relationship between
natural variables and vegetation dynamics, which tended to overlook the intricate interac-
tions between vegetation and the environment [3,4]. In this study, we apply a nonlinear
and interactive algorithm to understand the complicated links between environmental
factors and vegetation. This approach will be beneficial to enlarge our knowledge domain
regarding the relationship between climate change and ecosystem change and provide
scientific guidance for terrestrial ecosystem protection and planning [5,6].

The Normalized Difference Vegetation Index (NDVI) is a key proxy for the physi-
ological characteristics of terrestrial vegetation [7]. It has been widely used in previous
studies that focused on vegetation spatiotemporal changes [8–11]. In terms of methodology,
linear correlation approaches, such as multivariate linear regression and non-parameter
regression, have been commonly applied in exploring the links between environmental
factors and NDVI changes [12–14]. Even though these methods have been validated in
monitoring vegetation spatial change, there is still a deficiency in the application of geo-
statistical methods in quantifying the characteristics of spatial vegetation change. Spatial
autocorrelation is the basis of spatial statistics construction, which indicates the correlation
between specific observations within the same distribution area in geographic space [15].
Specifically, Moran’s index is a key indicator in the quantitative analysis of the spatial auto-
correlation patterns of geographical elements [16]. It is frequently utilized in geosciences
and ecological sciences because of its advantage in depicting the spatial characteristics of
variables [17]. Actually, the global Moran’s index and the local Moran’s index indicate the
degree of spatial element clustering and spatial variation, which can effectively reflect the
aggregation or dispersion patterns among adjacent location attributes [18,19].

For a specific region, vegetation change is a comprehensive result under the interactive
influence of various environmental factors. In recent years, researchers have uncovered a
growing body of evidence suggesting that the interaction of multiple environmental factors
(e.g., temperature, precipitation, and solar radiation) affects vegetation types and spatial
distribution [20–22]. This interaction will have an impact on vegetation photosynthesis
and respiration, leading to changes in the evolution of ecosystem structure and function.
Correlation and regression analysis of various sorts are common approaches in analyzing
the link between climatic conditions and vegetation changes [23,24]. In studies based on
linear correlation approaches, such approaches are used to oversee the interplay between
environmental factors and vegetation. Further, differences in topographic features and
soil types may cause varied water and heat conditions, as well as variations in nutritional
status [15,25]. It is unknown how these factors impact regional vegetation changes and
their interactions.

Geodetector, a robust and straightforward emerging method, enables researchers to
investigate the spatial heterogeneity of a specific geographical phenomenon, revealing the
background drivers of change and the strength of their interactions [26]. The Geodetector
method does not involve complex parameter-setting procedures and is not bound by
the assumptions of classic linear statistical techniques (e.g., linear regression analysis).
Therefore, it has been widely used in exploring the factors affecting the expansion of
built-up land expansion, ecosystem health, and vegetation changes.
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The Qinba Mountains (QBM) are located in the north–south transitional zone in China.
That area has been established as an essential ecological security zone. It also serves as a
treasure trove of natural resources and an important water recharge area [27,28]. As the
QBM area is an ecologically fragile area that is extremely sensitive to climate change, it is
crucial to examine ecosystem changes in the area [29,30]. However, previous research has
mainly used classical linear methods to analyze the relationships between the vegetation
and the environmental drivers in the QBM, which may ignore the complex interactions
between such vegetation and drivers, as well as fail in quantitatively assessing the intensity
of the effects of drivers [14,31]. Therefore, it is meaningful to carry out a comprehensive and
quantitative evaluation of the complex interactions between vegetation and environmental
drivers in the QBM.

In this study, we used Geodetector to characterize the spatiotemporal dynamics of
vegetation and its interaction with environmental factors in the QBM. The workflow of our
study was as follows: (1) we conducted a statistical analysis of the QBM’s vegetative cover’s
spatial distribution; (2) we applied Geodetector to detect the influence that climate factors
(mean annual temperature, mean annual precipitation, aridity index, wetness index, and
total radiation), vegetation factors (vegetation types), the geomorphology factor (landform
type), the soil factor (soil type), and topography factors (elevation, aspect, and slope)
exert on NDVI; and (3) we determined the contribution of each environmental factor to
plant growth.

2. Materials and Methods
2.1. Study Area

The Qinba Mountains are distributed in the spatial range of 103◦45′E~113◦14′E,
30◦30′N~34◦37′N (almost the middle of China), with an area of 2.25 × 105 km2

(Figure 1). The QBM area includes three geomorphic units, including the Qinling Moun-
tains, the Hanjiang River Valley Basin, and the Daba Mountains. In the administrative area,
it involves 81 counties (districts) in six provinces (cities), consist of Shaanxi, Gansu, Sichuan,
Chongqing, Hubei, and HenanT the main parts of the administrative area are the three
cities in southern Shaanxi (Hanzhong, Ankang, and Shangluo). The QBM area is located in
the transition zone between the warm-temperate continental monsoon climatic zone and
the subtropical humid monsoon climate zone, with an average annual temperature between
12 ◦C and 16 ◦C and average annual precipitation between 709 mm and 1500 mm [31,32].
The plant coverage of QBM is mainly composed of deciduous broad-leaved forest, together
with some mixed deciduous broad-leaved forest in the northern part. The soil type is
mainly leaching soil.
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2.2. Data Sources and Preprocessing
2.2.1. MODIS NDVI

The Normalized Difference Vegetation Index (NDVI) is used here as a proxy for vegeta-
tion conditions. Here, we utilized the MODIS vegetation product (“MODIS/061/MOD13Q1”)
obtained from the Google Earth Engine (GEE) cloud platform. This dataset has a spatial
and temporal resolution of 250 m and 16 days, respectively. The selected MODIS data were
further processed through reprojecting, resampling, and compositing of the maximum
NDVI value.

2.2.2. Driving Factors

Environmental factors have five categories and eleven elements, including climate
factors (mean annual temperature, mean annual precipitation, aridity index, wetness
index, and total radiation), a vegetation factor (vegetation type), a geomorphology factor
(landform type), a soil factor (soil type), and topography factors (elevation, aspect, and
slope) (Table 1).

Table 1. Environmental data indicators and their units.

Data Type Code Variables Unit

Climate

X1 Mean annual temperature ◦C
X2 Mean annual precipitation mm
X3 Aridity index /
X4 Wetness index /
X5 Total radiation MJ/m2

Vegetation X6 Vegetation type /

Geomorphology X7 Landform type /

Soil X8 Soil type /

Topography
X9 Elevation m
X10 Aspect ◦

X11 Slope ◦

Meteorological station data were collected from the China Meteorological Data Net-
work (http://data.cma.cn, accessed on 1 September 2021). Then, radiation (Rad) and
potential evapotranspiration (ETo) were calculated by UNFAO CROPWAT8.0 software.
Then, we used the ANUSPLIN software [33,34] to interpolate temperature, precipitation,
total radiation, and potential evapotranspiration. The aridity index (AI) and the wetness
index (W) [35] were calculated in ArcGIS 10.2 raster analysis toolbox. Finally, temperature,
precipitation, total radiation, the aridity index, and the wetness index were reclassified into
six categories. The annual averaged values were calculated for these environmental factors.

Vegetation type, soil type, and landform type data were gathered from the Resources
and Environmental Science and Data Center of the Chinese Academy of Sciences (http://
www.resdc.cn/, accessed on 1 September 2021). Vegetation-type data were reclassified
into ten categories according to the major categories of vegetation. Soil-type data were
classified into nine categories according to soil properties, and the landform-type data were
reclassified into seven categories according to different landforms.

The DEM data with a spatial resolution of 90 m were obtained from the Geospatial
Data Cloud (http://www.gscloud.cn/, accessed on 1 September 2021). Subsequently, slope,
aspect, and elevation were derived from the DEM using ArcGIS 10.2. Slope and aspect
were classified into nine categories and elevation was divided into six categories. The
data of each category were uniformly resampled to 250 m and the projection coordinates
were uniformly CGCS2000_CK_CM_105E. In the process of applying Geodetector, we first
used the Jenks Nature Breaks category approach to classify environmental factors into
various levels (Figure 2). Then, based on the data classification, 100,000 random points
were generated in ArcGIS 10.2 according to the basic principle of the minimum distance

http://data.cma.cn
http://www.resdc.cn/
http://www.resdc.cn/
http://www.gscloud.cn/
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of 1000 m between two points (98,932 points remaining after removing outliers). Finally,
the NDVI data layer and each environmental factor classification layer were spatially
overlaid. Then, the raster cell values were extracted with random points to generate the
attribute table.
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Figure 2. Spatial distribution of factors influencing the NDVI in the QBM. Note: temperature,
precipitation, aridity index, wetness index and total radiation are the multi-year averaged variables.

2.3. Methodology

First, we preprocessed MODIS NDVI with mosaic and crop tools in the GEE platform
and obtained annual NDVI images based on the maximum value composites (MVC) for four
periods (2003, 2008, 2013, and 2018). Second, statistical analysis and spatial autocorrelation
analysis (global Moran’s index and local Moran’s index (I)) was utilized to investigate the
vegetation’s spatiotemporal variation. In the end, Geodetector was applied to quantify the
impacts of a variety of environmental factors on vegetation change. The factors included
climate factors, a vegetation factor, a geomorphology factor, a soil factor and topography
factors, as well as the interactions between these elements. The general workflow for this
study is shown in Figure 3.
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2.3.1. Spatial Autocorrelation Analysis

Spatial autocorrelation is a method of spatially distributing eigenvalues of spatial
units through statistical analysis. The Global Moran’s I is calculated based on the following
formula [36]:

Global Moran′s I =
n ∑n

i=1 ∑n
i=1 wij(xi − x)

(
xj − x

)
∑n

i=1 ∑n
i=1 wij(xi − x)2 (1)

where wij is the value of the spatial weight matrix coefficient in the i, j place, representing
the relationship among the i, j area within the space; xi and xj represent the NDVI values in
the i and j vicinity, respectively, in the study area; n is the whole variety of samples in this
study; and x is the mean value of the NDVI in the study area. The Moran’s I coefficient
range is [–1, 1], and the specific explanation is that the spatial distribution of the NDVI is
divided into clustered (I > 0), random (I = 0) and discrete (I < 0).

To investigate spatial dependencies or differences between spatial units in the QBM,
we applied the local Moran’s index to indicate the local clustering characteristics of the
NDVI. The local indicator of spatial association (LISA) was used to characterize local
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clustering and dispersion effects. The Local Moran’s I is calculated based on the following
formula [37]:

Local Moran′s I =
(xi − x)

1
n ∑n

i=1(xi − x)
∑
j 6=i

wij(xi − x) (2)

In Equation (2), the variable names and definitions are the same as in Equation (1).
The NDVI values were divided into four distinct spatial clustering types, based on the
clustering results, including “High–High” (HH), “Low–Low” (LL), “High–Low” (HL), and
“Low–High” (LH) [38]. Both the global Moran’s index and the local Moran’s index were
computed for the study area using GeoDa 1.18 (http://geodacenter.github.io, accessed on
1 September 2021).

2.3.2. Geodetector

Geodetector is a model used to detect and exploit geographic differences, enabling
us to quantify driving forces, influencing factors, and multifactor interactions [26]. It has
four distinct functions: factor detection, interaction detection, risk detection, and ecological
detection. This study used the R package, the “GD”, to identify the elements that cause
changes in vegetation [39].

(1) Factor detection. Factor detection can be uncovered by the heterogeneity in NDVI’s
spatial distribution, which also investigates the extent of individual environmental factors
effect on NDVI. Their explanatory power is characterized by the q-statistic (with the range
of [0, 1]). The geographical heterogeneity of Y increases with the increasing q-statistic. If X
is responsible for creating the stratification, then the greater the value of q, the greater the
influence of X over Y, and vice versa. The formula for determining q is as follows:

q = 1− ∑L
h=1 Nhσ

2
h

Nσ2 (3)

where q is the explanatory power of a single factor on Y (NDVI) variation; in other words,
X (environmental factors) explains q × 100% of Y (NDVI); h is the strata of Y (NDVI) or X
(environmental factors). Nh and N are, respectively, the stratum and the number of cells in
the QBM. σ2

h and σ2 are the strata and the study area of Y (NDVI).
(2) Interaction detection: Interaction detection assesses the impact of interactions of

different environmental factors on the NDVI. First, the q-values (q(X1) and q(X2)) between
two environmental factors were calculated. Then, the q-values of the two environmental
factors after interaction (q(X1 ∩ X2)) were compared with those of the individual environ-
mental factors (q(X1) and q(X2)). Finally, the form of interplay among the two drivers was
determined by using comparing the distinct results (Table 2).

Table 2. Definitions of interaction types.

Interaction Types Types of Interactions Description

q(X1 ∩ X2) <
Min(q(X1), q(X2)) Nonlinear weaken

The interaction between two
variables nonlinearly weakens the

influence of a single variable.
Min(q(X1),q(X2)) <

q(X1 ∩ X2) <
Max(q(X1), q(X2))

Univariate weaken
The interaction between two

variables univariate weakens the
influence of a single variable.

q(X1 ∩ X2) = q(X1) + q(X2) Bivariate enhanced
The interaction between two

variables bivariate enhanced the
influence of a single variable.

q(X1 ∩ X2) = q(X1) + q(X2) Independent The interaction between two
variables is independent.

q(X1 ∩ X2) > q(X1) + q(X2) Nonlinear enhanced
The interaction between two

variables nonlinear enhanced the
influence of a single variable.

http://geodacenter.github.io
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(3) Risk detection. Risk detection is used to determine whether the mean values of
attributes are significantly different between subregions of two environmental factors,
which is determined by t test.

t yh=1− yh=2
=

Yh=1 − Yh=2[
Var( Yh=1)

nh=1
+

Var( Yh=2)
nh=2

]1/2 (4)

(4) Ecological detection. Ecological detection determines whether there is a statistically
significant difference between the influences of two factors (X1 and X2) on the spatial
distribution of an attribute (Y), using the F statistic as the measuring stick.

F =
NX1(NX2 − 1)SSWX1

NX2(NX1 − 1)SSWX2
(5)

SSWX1 =
L1

∑
h=1

Nhσ
2
h, SSWX2 =

L2

∑
h=1

Nhσ
2
h (6)

where NX1 and NX2 represent the sample sizes of X1 and X2. Sample sizes in the X1 and
X2 layers are denoted by L1 and L2, while the total variance within the X1 and X2 layers is
denoted, respectively, by SSWX1 and SSWX2.

3. Results
3.1. Spatiotemporal Variation of the NDVI in the QBM
3.1.1. Spatial Pattern of the NDVI in the QBM

To more accurately portray the dynamics of the vegetation, the NDVI in the QBM was
classified into five different levels by the Equal Interval method (Table 3). It shows the
spatial pattern using mean NDVI values between 2003 and 2018 (Figure 4). In general, the
overall pattern demonstrated the distribution characteristics of “high in the middle and
low in the periphery”. More than 98.73% of the NDVI of the QBM’s vegetation consisted of
medium-high and high levels of vegetation. In addition, the NDVI in low, medium-low, and
medium classes accounted, totally, for less than 2% of the research area, which suggested
that the QBM vegetation was in an overall favorable growth condition (Table 3).
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Table 3. Area and proportion of different levels of multi-year annual mean NDVI in the QBM
(2003–2018).

NDVI Levels NDVI Value Area (km2) Percentage (%)

Low ≤0.2 0.25 0.00
Medium-low 0.2–0.4 440.50 0.05

Medium 0.4–0.6 10,876.25 1.22
Medium-high 0.6–0.8 199,352.00 22.34

High >0.8 681,497.50 76.39

3.1.2. Temporal Dynamics of NDVI

The spatial distribution of mean NDVI during the period from 2003 to 2018 showed
an obvious spatial heterogeneity (Figure 5). During the study period, the NDVI in the
Longnan area increased significantly, mainly from medium level to medium-high level
NDVI in the Hanjiang River Valley Basin. The southern foothills of the Daba Mountains
and the eastern part of the Qinling Mountains also increased accordingly, mainly from
medium-high to high level.
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In terms of temporal changes, the NDVI was higher in 2018 than it was in 2003
(Figure 6), indicating that the vegetation growth in the study area gradually improved
during these fifteen years. The proportion of the NDVI high-level areas steadily increased
by 19.66% from 2003 to 2018, reaching 83.64%; the proportion of medium- to high-level
area rapidly decreased to 15.31%; the medium- and medium-to-low-level area changed
to 1.53% and 0.13%, and the low-level area was only 0.6875 km2, accounting for less than
0.01%. These changes in vegetation may be caused by the policy of returning farmland to
forest in the QBM since 2000.
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The flow direction between the vegetation classes in the QBM from 2003 to 2018 was
relatively consistent (Figure 7). During the study period, the QBM vegetation condition
improved gradually, with a tremendous increase in the high-vegetation area. The flow
direction between different levels of the NDVI was mostly to an adjacent higher class.
Among them, the flow was mainly between high, medium-high, and medium vegetation.
For instance, most of the increase in the high-vegetation class came from the medium-
high vegetation, and a large proportion of the medium-high vegetation flowed to the
high vegetation in the transferred fraction, while a small fraction flowed to the medium
vegetation and very little flowed to the medium-low and low vegetation.
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3.2. Spatial Autocorrelation of NDVI in the QBM
3.2.1. Global Autocorrelation

Positive values for the global Moran’s I from 2003 to 2018 indicated a very concentrated
distribution of the NDVI across the QBM (Figure 8). In addition, the spatial difference of
the NDVI in the studied area also rose gradually, as demonstrated by the overall downward
trend of the Moran’s I change.
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3.2.2. Local Autocorrelation

Using the LISA map, the current state of NDVI spatial distribution patterns in the
QBM may be more clearly displayed (Figure 9). From 2003 to 2018, the spatial clustering
characteristics of the NDVI were predominated by the high vegetation clusters. Both east
and west of the Daba Mountains, the “High–High” (HH) type is prevalent in Mianyang,
Hanzhong, and Chongqing. Grassland and forest make up the majority of the world’s
plant life; hence, dense populations of plants correspond to very high levels of the NDVI.
The “Low–Low” (LL) type is primarily found in the northwestern and northeastern parts
of the QBM. The spatial autocorrelation of the NDVI in most areas of the QBM is of HH
and LL types and only a few of them are of “Low–High” (LH) and “High–Low” (HL) types
(Figure 9). The proportion of HH type areas increased from 33.55% to 36.14% during the
study period. In addition, it showed a more obvious trend of expansion, and the overall
area proportion reached more than 33.55% of the study area, which reflected the continuous
improvement of vegetation cover in the study area. The percentage of the LL-type areas
decreased by 0.42%, showing a decreasing trend. Both the LH and HL types showed a
trend of sharp decline followed by rapid increase, with maximum area shares of 0.01%
and 0.03%, respectively, neither of which exceeded 1% (Figure 10). Throughout the study
period, the area changed to HH type, which was a general trend for the QBM NDVI.
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3.3. Identification of Driving Forces
3.3.1. Influence of Environmental Factors

The factor-detection function is designed to investigate the relative impact of various
environmental factors on the NDVI (Figure 11). The degree to which each environmental
factor affected the NDVI was as follows: X7 (landform type) > X3 (aridity index) > X4
(wetness index) > X2 (mean annual precipitation) > X1 (mean annual temperature) > X6
(vegetation type) > X9 (elevation) > X8 (soil type) > X11 (slope) > X5 (total radiation) > X10
(slope direction). The NDVI was significantly affected by each of the factors (p < 0.05). The
explanatory power of the landform type (X7), the aridity index (X3), and the wetness index
(X4) for NDVI variation in the QBM was greater than 0.2; these were key driving forces.
Second, precipitation (X2) and temperature (X1) were important driving forces, whose
explanatory power was above 0.19. Vegetation type (X6), elevation (X9), soil type (X8), and
slope (X11) had a slight impact on the NDVI, with an explanatory power of above 0.11. In
addition, total radiation (X5) and aspect (X10) had the least impact, compared with other
parameters, which may be related to the superior environment of the study location and
the fact that the light factor is not the primary factor in restricting the growth of plants.



Remote Sens. 2022, 14, 5794 13 of 20

Remote Sens. 2022, 14, 5794 14 of 22 
 

 

3.3. Identification of Driving Forces 
3.3.1. Influence of Environmental Factors  

The factor-detection function is designed to investigate the relative impact of various 
environmental factors on the NDVI (Figure 11). The degree to which each environmental 
factor affected the NDVI was as follows: X7 (landform type) > X3 (aridity index) > X4 
(wetness index) > X2 (mean annual precipitation) > X1 (mean annual temperature) > X6 
(vegetation type) > X9 (elevation) > X8 (soil type) > X11 (slope) > X5 (total radiation) > X10 
(slope direction). The NDVI was significantly affected by each of the factors (p < 0.05). The 
explanatory power of the landform type (X7), the aridity index (X3), and the wetness index 
(X4) for NDVI variation in the QBM was greater than 0.2; these were key driving forces. 
Second, precipitation (X2) and temperature (X1) were important driving forces, whose 
explanatory power was above 0.19. Vegetation type (X6), elevation (X9), soil type (X8), 
and slope (X11) had a slight impact on the NDVI, with an explanatory power of above 
0.11. In addition, total radiation (X5) and aspect (X10) had the least impact, compared with 
other parameters, which may be related to the superior environment of the study location 
and the fact that the light factor is not the primary factor in restricting the growth of plants. 

 
Figure 11. Factor detection of environmental factors on NDVI change. 

3.3.2. Interaction between Environmental Factors 
The interaction effects between any two factors enhanced the influence of a single 

variable (Figure 12). The majority of interactions between environmental factors in this 
paper were bivariate-enhanced. Nonlinear enhancement was seen in the pairs X1 ∩ X2, X1 
∩ X3, X1 ∩ X4, X2 ∩ X9, X3 ∩ X9, X5 ∩ X1, X5 ∩ X2, X5 ∩ X3, X5 ∩ X4, X5 ∩ X6, X5 ∩ X9, X5 ∩ 
X10, X5 ∩ X11, and X9 ∩ X10. There was a bivariate enhancement due to the interaction of 
additional environmental factors. The strongest explanatory power of these interactions 
for the spatial distribution of the NDVI was found between X1 and X3 (q = 47.10%) and 
X1 and X2 (q = 46.40%), indicating that X1 (mean annual temperature), X3 (aridity index), 
and X2 (mean annual precipitation) were the driving factors of the NDVI in the QBM. In 
conclusion, the NDVI of vegetation was affected by a nonlinear or bivariate-enhanced 
manner, in which the driving factors interacted with one another rather than inde-
pendently. 

Figure 11. Factor detection of environmental factors on NDVI change.

3.3.2. Interaction between Environmental Factors

The interaction effects between any two factors enhanced the influence of a single
variable (Figure 12). The majority of interactions between environmental factors in this
paper were bivariate-enhanced. Nonlinear enhancement was seen in the pairs X1 ∩ X2, X1
∩ X3, X1 ∩ X4, X2 ∩ X9, X3 ∩ X9, X5 ∩ X1, X5 ∩ X2, X5 ∩ X3, X5 ∩ X4, X5 ∩ X6, X5 ∩ X9, X5
∩ X10, X5 ∩ X11, and X9 ∩ X10. There was a bivariate enhancement due to the interaction
of additional environmental factors. The strongest explanatory power of these interactions
for the spatial distribution of the NDVI was found between X1 and X3 (q = 47.10%) and
X1 and X2 (q = 46.40%), indicating that X1 (mean annual temperature), X3 (aridity index),
and X2 (mean annual precipitation) were the driving factors of the NDVI in the QBM.
In conclusion, the NDVI of vegetation was affected by a nonlinear or bivariate-enhanced
manner, in which the driving factors interacted with one another rather than independently.
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3.3.3. Optimal Types/Ranges

The risk detection in the Geodetector enabled us to derive environmental factors’
suitable range for the NDVI; in other words, it enabled us to detect the classification
interval for the maximum NDVI mean value of each environmental factor (Table 4). At
the same time, there were significant differences in the mean NDVI values for different
influencing factors (Figure 13).

Table 4. Suitable range of environmental factors for NDVI. (Confidence level 95%).

Environmental Factor Suitable Range of NDVI NDVI Mean Value

X1 (Mean annual temperature) 4.79–8.11 ◦C 0.872
X2 (Mean annual precipitation) 1261.65–1601.47 mm 0.865

X3 (Aridity index) 0.43–0.82 0.862
X4 (Wetness index) 1.60–2.42 0.890
X5 (Total radiation) 4886.14–5031.33 MJ/m2 0.860

X6 (Vegetation type) Mixed broadleaf–conifer
mixed forest 0.885

X7 (Landform type) Large undulating 0.862
X8 (Soil type) Leaching soil 0.857
X9 (Elevation) 1412–1918 m 0.858
X10 (Aspect) Flat 0.848
X11 (Slope) 25.09–29.69◦ 0.860

With the continuous increase in annual average precipitation and the wetness index,
the NDVI mean value increased continuously and reached the maximum in the range of
1261.65 to 1601.47 mm, with a 1.60 to 2.42 interval for NDVI mean value and with NDVI
mean values of 0.865 and 0.890, respectively. With the continuous decrease in the aridity
index, the NDVI mean value increased gradually and slowly and reached the maximum
(0.862) in the range of 0.43 to 0.82. With the increasing annual average precipitation and
wetness index, the soil moisture content increased, which was conducive to the transporta-
tion of water and nutrients for vegetation growth, thus promoting vegetation growth. With
an increasing aridity index, the soil moisture content kept decreasing, thereby limiting
vegetation growth to some extent.
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With the increasing annual mean temperature, elevation, total radiation, and slope,
the mean NDVI values first increased and then decreased, and the mean NDVI values of
the vegetation reached their maximums in the range of 4.79 to 8.11 ◦C, 1412 to 1918 m,
4886.15 to 5031.33 MJ/m2, and 25.09◦ to 29.69◦, respectively, with mean NDVI values
of 0.872, 0.858, 0.860, and 0.860, respectively. For aspect, the NDVI of the vegetation in
the south was relatively small, with a mean NDVI value of 0.826, while the rest of the
slope orientations (southeast, southwest, east, west, northeast, northwest, and north) had
relatively large mean NDVI values (around 0.8), and the highest mean NDVI value of flat
areas was 0.848. Within a certain range, the annual mean temperature and total radiation
promoted the growth of vegetation and provided a suitable temperature environment
and heat source for vegetation growth. When they increase beyond the suitable range for
vegetation growth, they may increase the aridity index and, thus, have a suppressive effect
on vegetation growth. The higher the elevation, the lower the temperature, the higher
the precipitation, and the higher the total radiation. Therefore, the elevation range with
the better configuration of water and heat conditions is suitable for vegetation growth.
Vegetation growth in areas with low slopes and flats, are negatively affected by human
activities. In addition, areas with high slopes are not conducive to vegetation growth, so
vegetation growth is better in the moderate slope range.

For different vegetation types, the mean NDVI of vegetation in mixed broadleaf-
conifer-mixed forest areas was relatively high at 0.885. For landscape types, the mean
NDVI of vegetation in large rolling hills was relatively high at 0.862. For soil types, the
mean NDVI of vegetation in leached soils was relatively high at 0.857. Various vegetation
are adapted to their environment and to non-natural factors, so they exhibit different
growth states. Landform types are formed by the internal and external forces of the earth,
and different landform types have some influence on the configuration of hydrothermal
conditions for vegetation growth, thereby acting on the growth status of vegetation. As an
important link between material exchange and energy transfer in the process of vegetation
growth, the soil’s ability to hold water and its physical and chemical properties determine,
to a certain extent, the growth state of the vegetation growing on it.

3.3.4. Significant Differences between Environmental Factors

The ecological detection in the Geodetector, which aims to derive the difference in
influence between the detected factors, was statistically significant for the NDVI (Figure 14).
In general, there were significantly differences between the environmental factors.
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4. Discussion
4.1. Vegetation Variation Characteristics in the QBM

Consistent with the findings of Liu et al., who found that vegetation changes in the
QBM increased from 2000 to 2014, our analysis indicated that the proportion of the QBM
covered by vegetation increased between 2003 and 2018. Vegetation coverage is rapidly
regenerating in these areas since the Grain-to-Green Program was put into effect, which
may account for this finding [40,41].

There is regional variation in the annual mean values of the NDVI, and the spatial
distribution of the NDVI in the region shows high values in the center section and low
values at the borders, which is consistent with what was shown in previous research [42].
Overall, the regions of the QBM in Shaanxi Province contained the highest mean values
for the NDVI of the vegetation. These regions are covered with mature broadleaf forests,
coniferous forests, and shrubs, which account for the high values. However, because of the
presence of huge amounts of agricultural land in southern Gansu and the Hanjiang River
Valley Basin, the mean NDVI values were lower in Lixian, Xihe, and Wudou in southern
Gansu and in the surrounding areas of the Hanjiang River Valley Basin, such as the cities of
Luoning, Xichuan, and Danjiangkou.

The vegetation change shows an obviously regional variability in the QBM. Spatial
autocorrelation is a useful tool for pinpointing where specific types of plant life cluster. In
the LISA maps, the spatiotemporal changes demonstrated that the “High–High” (HH) and
“Low–Low” (LL) cluster distributions of the NDVI shifted in the 15-year study period. The
“High–High” (HH) and “Low–Low” (LL) clusters of the NDVI were extensively spread
and concentrated, as seen by the spatial and temporal changes in LISA clusters. Vegetation
cover in the QBM exhibited spatial clustering features that were more typical of ecologically
interspersed zones, compared with the scattering characteristics observed elsewhere in
the study area. This finding can be explained by the more pronounced dissimilarities
between the research area’s natural environment and the rest of the world. For instance,
the research area’s northwest region and the counties and towns in the Hanjiang River
Valley Basin are predominantly LL aggregations due to abundant arable land, and they
show a decreasing tendency. In addition, the QBM region largely consists of HH clusters,
the area of which showed a rising trend during the study period, while the area of other
types gradually reduced, indicating a generally positive and positive trend in vegetation
status. It is possible that the push for conservation policies in the area is responsible for
this phenomenon.
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4.2. Key Environmental Drivers of NDVI Change

Locating the primary drivers of the vegetation shift in the context of climate change
can serve as a valuable scientific resource for ecological preservation efforts. Geodetector
can prove to be invaluable in pinpointing the complex interplay of several environmental
factors. We employed the Geodetector method to look at the non-linear influence link
between NDVI measurements taken from vegetation and the environmental driving factors
in the QBM. From these results, we concluded that landform type is the primary factor
affecting the NDVI (q = 24.19%). Climatic factors were important factors influencing
vegetation change, and their q-values were all above 19%. However, previous studies
considered rainfall or elevation as the primary factors influencing the NDVI [31,43]. A
possible explanation may be that, due to the different metrics chosen in different papers,
this paper is more comprehensive in considering the effect of topographic relief, while
previous scholars only considered the effect of topographic factors. The QBM is located at
the north–south divide of China; the topography is complex, and the type of landscape has
a greater influence on the NDVI. There are few areas with flat topography, where human
activities have a negative impact on the condition of vegetation. Other areas are inaccessible,
and the vegetation life activities are mainly influenced by the natural environment, such
as the water and heat conditions. In the extremely undulating topography, due to the
harsh natural conditions, frequent geological disasters, such as landslides, have a negative
impact on vegetation growth. In the area of large undulating topography, because of the
more comfortable natural environment, the water and heat conditions in the area can better
promote the growth of vegetation, which is similar to the findings in Chen’s study [14].
Another possible explanation for this is that the data sources and the time of the study
were not the same in this paper and the above studies. This paper used MODIS NDVI
(2003–2018), while Zhang’s paper used GIMMS NDVI (1982–2015) and Chen’s paper used
SPOT NDVI (2001–2018), which finally led to the differences. Therefore, it is necessary
to establish a more complete index system and a unified spatial division standard in
subsequent research.

4.3. Implications and Limitations

In recent years, studies of vegetation shifts have risen in prominence as an important
aspect of the study of global change. As a result of using Geodetector, we were able to
determine the most important factors influencing vegetation shifts in the QBM. When
compared with other techniques, Geodetector is able to identify the effects of influencing
elements and their interactions on vegetation shift.

Some limitations of this study cannot be denied. This study focused, first and foremost,
on the effects that environmental factors have on vegetation, and it did not take into
consideration the consequences of human activities on the change in vegetation. Second,
the MODIS NDVI dataset used in this study had a spatial resolution of 250 m, which
was insufficient for monitoring vegetation changes in small areas. In the future, there is a
need to collect remote sensing data with higher spatial resolution to achieve more detailed
monitoring studies on the vegetation status of the study area. Despite these shortcomings,
this study provides a scientific foundation for ecological environmental protection in the
QBM by introducing a spatial autocorrelation analysis to analyze vegetation change in the
QBM and by selecting environmental factors from five different perspectives to consider
the factors that influence vegetation change.

5. Conclusions

This research used spatial autocorrelation to investigate the spatial and temporal
change of the NDVI in the QBM during the period from 2003 to 2018. The impacts of
individual factors and their interactions on NDVI changes in vegetation were then quan-
tified using Geodetector. Our substantial findings include the following: (1) The overall
vegetation growth gradually improved during this period, and the vegetation cover in the
Longnan region increased significantly; (2) Vegetation in the QBM showed a substantial
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global autocorrelation pattern, indicated by the global Moran’s index, which was higher
than 0.93. The spatial clusters of High–High (HH) and Low–Low (LL) were more widely
distributed. During the study period, the HH cluster type gradually increased, while the
LL type reflected an opposite pattern, further indicating the improved vegetation condition
in the QBM; (3) The landform type was the main factor in controlling vegetation change,
with an explanatory power of 0.242; (4) The findings of interaction detection revealed that
the relationship between the two environmental factors was primarily bivariate-enhanced,
with the most significant interaction between temperature and the aridity index. These
findings help us better understand the mechanisms that lead to NDVI change in the QBM
and their impact. Further, this work might provide scholarly references and suggestions
for vegetation conservation planning and ecosystem service assessment in the QBM.
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