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Abstract: Qinling Mountains is the north–south boundary of China’s geography; the vegetation
changes are of great significance to the survival of wildlife and the protection of species habitats.
Based on Landsat products in the Google Earth Engine (GEE) platform, Pearson’s correlation coeffi-
cient method, and classification and regression models, this study analyzed the changes in NDVI
(Normalized Difference Vegetation Index) in the Qinling Mountains in the past 38 years and the
sensitivity of its driving factors. Finally, residual analysis method and accumulate slope change rate
are used to identify the impact of human activities and climate change on NDVI. The research results
show the following: (1) The NDVI value in most areas of Qinling Mountains is at a medium-to-high
level, and 99.76% of the areas correspond to an increasing trend of NDVI, and the significantly
increased area accounts for more than 20%. (2) From 1981 to 2019, the NDVI of the Qinling Mountains
increased from 0.63 to 0.78, showing an overall upward trend, and it increased significantly after
2006. (3) Sensitivity analysis results show that the western high-altitude area of Qinling Mountain
area dominated by grassland is mainly affected by precipitation. The central and southeastern parts
of the Qinling Mountains are significantly affected by temperature, and they are mainly distributed
in areas dominated by forest. (4) The contribution rates of climate change and human activities to
NDVI are 36.04% and 63.96%, respectively. Among them, the positive impact of human activities
on the NDVI of the Qinling Mountains accounted for 99.85% of the area. The area with significant
positive effect accounted for 36.49%. The significant negative effect area accounts for only 0.006%,
mainly distributed in urban areas and coal mining areas.

Keywords: Qinling Mountain; precipitation; temperature; NDVI; GEE

1. Introduction

Vegetation is an important indicator that affects biodiversity and ecological processes;
it is also an important medium for water and energy balance, carbon cycle, etc. At the
same time, vegetation coverage is also one of the most sensitive elements of global land
cover affected by climate change and human activities [1,2]. Some important ecological
function areas play an important role in maintaining ecological security and regulating
regional human–land relationship [3]. As the north–south boundary of China’s geography,
the Qinling Mountains are a hotspot and key area for vegetation coverage research.

Remote sensing observation data based on remote sensing images provide an op-
portunity for accurate and real-time monitoring of the temporal and spatial changes of
vegetation coverage [4]. The Normalized Difference Vegetation Index (NDVI) is the most
commonly used remote sensing vegetation index for measuring vegetation coverage [5].
Most studies use GIMMS and MODIS product to calculate NDVI; however, the former
has a long time series but low resolution, and the latter has medium resolution but cannot
provide data before 2000. The Landsat data product can make up for the shortcomings of
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the above two products (30m resolution, time span from 1975 to present) and is the most
ideal data product for monitoring the dynamic changes of vegetation under a long-term
sequence. However, the processing method relative to Landsat data is more complex, and it
has high requirements for computer performance; thus, it is rarely used in large-scale area
research. With the development of cloud platform applications, the Google search engine
(Google Earth Engine, GEE) provides a large amount of satellite data for geography related
research and provides online visualization and spatial analysis and processing functions [6].
At present, GEE has been successfully applied to national scale vegetation dynamic moni-
toring [7], forest carbon sequestration capacity assessment [8], high-resolution mapping
of global surface water and its long-term changes [9], intercontinental-scale farmland
mapping [10], and other fields.

Previous studies have shown that there is a good linear relationship between NDVI
and climate factors. There is a good correlation between precipitation and NDVI during the
vegetation growth period on the northern slope of the Qinghai–Tibet Plateau [11]. In eastern
China, the influence of temperature on NDVI is greater than that of precipitation [12].
Research in Xinjiang found that precipitation and evapotranspiration are two key factors
affecting NDVI [13]. On the pixel scale, Sheng used statistical methods to study the
spatial development trend of vegetation coverage and the influence of meteorological
factors [14]. In addition to climate factors, terrain and human activities also affect NDVI.
Zhu used pixel-by-pixel analysis and found that the main factors affecting vegetation
coverage of the Qaidam Basin include precipitation, altitude, and human activities [15].
On the basis of analyzing the difference of NDVI changes, Zhang added elevation as NDVI
driving factors and quantitatively analyzed the relationship between NDVI and various
influencing factors in the study area [16]. However, most of the above studies are only
based on average data analysis or based on simple correlation coefficient analysis. The
question of how to establish the spatial relationship between NDVI and multiple climatic
factors and topographic factors, so as to study the sensitivity of driving factors such as
climate and topography, is still a scientific issue to be studied. The machine learning
method can build a more stable model between NDVI and related climate and terrain
factors by using a large amount of sample data and analyze the degree of influence of the
changes of each driving factor on NDVI.

In this paper, we analyzed spatial distribution and change trends of medium and
high resolution NDVI in the Qinling Mountains during 38 years from 1981 to 2019. By
constructing a random forest and CART model, we spatially analyzed the impact of climate
factors and topographic factors on NDVI. Finally, the residual analysis method and the
accumulative slope change rate are used to identify the impact of human activities on
vegetation coverage in the Qinling Mountains over the years.

2. Materials and Methods
2.1. Study Area

This paper takes the Qinling Mountains in a broad sense as the research area, with
an area of 155,900 km2 and an altitude ranging from 95 m to 4591 m. In a broad sense, the
Qinling Mountains are the watershed between the Yangtze River and the Yellow River.
The climate to the south of the Qinling Mountains is subtropical, with a southern type of
natural conditions, and the north experiences a warm temperate climate, with a northern
type of natural conditions, and the precipitation is usually less than 750 mm. The Qinling
area is dominated by farmland and temperate deciduous broad-leaved forests. There are
also significant differences in the characteristics of agricultural production between the
north and the south. Therefore, for a long period of time, people have regarded the Qinling
Mountains as the geographical dividing line between China’s “South” and “North”. The
geographical distribution of the Qinling Mountains is shown in Figure 1.
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Figure 1. Geographic location of Qinling Mountains.

2.2. Data
2.2.1. Satellite Data

The remote sensing data used in this paper include Landsat surface reflectance data
(Landsat surface reflectance, including Landsat 5 ETM, Landsat 7 ETM+ and Landsat
8 OLI/TIRS). The advantage of using the surface reflectance is that the quality attributes
of the pixels, such as cloud or cloud shadow coverage, water, and ice and snow cover,
can help users filter out suitable images for research. Currently, the available years of
surface reflectance data are 1987–2019 in the Qinling Mountain area. In order to roughly
estimate the NDVI value before 1987, we have selected GIMMS NDVI (Global Inventory
Modeling and Mapping Studies; resolution: 1000 km; time range: 1981–2014) and estab-
lished the correlation between GIMMS NDVI and Landsat NDVI in the same time period
(Landsat = 0.830727 * GIMMS-0.028479396); furthermore, we adjusted the GIMMS NDVI
value to the Landsat NDVI value [5] (see Figure 2).
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Figure 2. Time change sequence diagram of GIMMS and Landsat NDVI in Qinling Mountains.

2.2.2. Digital Elevation Model

The digital elevation model used in this article was obtained from the SRTM V3
product with a resolution of about 1 arc second [17]. It was downloaded on the GEE
platform (Figure 1).

2.2.3. Climate Data

Climate-related data are mainly based on the TerraClimate dataset in the GEE platform,
with a resolution of about 5 km. This dataset is generated by WorldClim high-resolution
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dataset and long time series CRU Ts4.0 and JRA55 data interpolation [18]. This study
selected precipitation (P), temperature (T), soil moisture (SOIL), drought index (PSDI), and
AET as the basic data.

2.2.4. Landcover Data

The two periods of landcover data used in this paper (Figure 3) include the following:
(1) the remote sensing monitoring database of China’s landcover status in 1990 (available at
http://www.resdc.cn/, accessed on 12 October 2020). (2) Global land cover data includes
the spatial distribution of land cover in 2017 (available at http://data.ess.tsinghua.edu.cn/,
accessed on 12 October 2020). The landuse types mainly include farmland, forest, grassland,
and shrubland [19].
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2.3. Methods

This study is mainly based on GEE and machine learning methods for analyzing
temporal and spatial distributions and change characteristics of long-term series, high-
resolution vegetation index NDVI, and its driving factors.

2.3.1. Remote Sensing Image Processing

Landsat surface reflectance (Landsat SR) images are obtained from the GEE platform,
and there are a total of 8827 images in the Qinling Mountains. The Landsat SR images
are removed from clouds, cloud shadows, ice and snow cover, and water bodies, and the
NDVI band is added to each image according to Formula (1).

NDVI =
(NIR − RED)

(NIR + RED)
(1)

NIR and RED are near-infrared and infrared bands, respectively. Among them, the
near-infrared and infrared bands of Landsat 5 and 7 correspond to band 4 and band 3,

http://www.resdc.cn/
http://data.ess.tsinghua.edu.cn/
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respectively, and Landsat 8 corresponds to band 5 and band 4, respectively. (3) We chose
the appropriate image according to the research area and research time series. In order
to correctly reflect the vegetation coverage level in the study area, this paper chooses the
average NDVI in the growing season from April to September as the vegetation index.

2.3.2. Trend Analysis

Mann–Kendall, a method for identifying mutation points in hydro-meteorological
sequences, was proposed by Sneyers (1975) and Goossens (1986). The hyperbola of the
statistic U was obtained by using the sequence reversal method, and the intersection of the
two curves is the mutation point [20]

Sen’s slope evaluation is a non-parametric procedure proposed by Sen in 1968 for
evaluating the trend of sample data points [21], and it is currently widely used in hydro-
meteorological time series analysis [22].

2.3.3. Sensitivity Analysis

Sensitivity Analysis (SA) refers to a method that affects the output of the model after
some parameters in a mathematical model are changed [23]. Classification and Regression
Tree (CART) [24] is used for sensitivity analysis in this study [25]. Climatic factors, including
precipitation, soil moisture, evapotranspiration, temperature, and drought index, are
extracted from the TerraClimate dataset based on GEE, and then climate factors and slope,
aspect, and altitude are used as auxiliary factors to construct the model. The precipitation
is the annual total of the growing season, and the rest of the climate factors are the annual
averages of the growing season. Since the resolution of the climate factor is 5 km and the
resolution of the terrain factor is 30 m, in order to make the results more accurate, this
paper converts the raster layers with 5 km resolution to points (one grid corresponds to one
point) and uses the point data to read the corresponding values of NDVI, various climate
factors, and terrain factors as a model input data.

2.3.4. Residual Analysis

The main idea of residual analysis is to establish a multiple linear regression model
between the NDVI value and the climatic factors in the base period as the predicted value
of NDVI, which is regarded as the NDVI only affected by climatic factors. The difference
between the actual value and the predicted value is the residual value, which is the impact
of human activities on NDVI [26].

ε = NDVI_actual − NDVI_predicte (2)

The ε in Formula (2) is the residual value. When ε < 0, human activity has a negative
impact; when ε < 0, human activity has a positive impact, and if ε ≈ 0, human activity has
a weak impact.

In order to analyze the spatial change trend of the residual value, the Pearson correla-
tion method is used in GEE to establish the correlation between the residual value and time
series in order to determine the change trend and significance of the NDVI residual value.

2.3.5. Cumulative Slope Change Rate

The residual analysis cannot provide the contribution rates of climate change and
human activities, because this method has a premise that the predicted value of the
regression model is only affected by climate change; that is, the residual value can only
estimate the impact of human activities. Therefore, we used the cumulative slope change
rate method, which is most commonly used in hydrology to distinguish between human
activities and climate change. This method has also been used in the analysis of vegetation
coverage on the Loess Plateau [27].

The main idea is to establish a multiple linear regression equation between the NDVI
and the climatic factor in the 1987–2006. This equation is used to reconstruct the NDVI
(fitting NDVI) from 1987 to 2019, that is, the NDVI sequence that is only affected by climate
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change. Then, the contribution rate of human activities and climate change to NDVI change
can be calculated by the following formula.

R1 = 100 × (slopeb − slopea)/slopea (3)

Among them, R1 is the slope change rate (%), and slopea and slopeb are the values of
NDVI measured by remote sensing before and after the mutation year.

R2 = 100 ×
(
slopefit−b − slopefit−a

)
/slopefit−a (4)

In Formula (4), R2 is the slope change rate (%) of the cumulative fitting NDVI, and
slopefit−a and slopefit−b are the NDVI values fitted by the multivariate linear model before
and after the mutation year.

CC = 100 × R2/R1 (5)

In Formula (5), CC is the contribution rate of climate change to NDVI change.

CH = 100 − CC (6)

In Formula (6), CH is the contribution rate of human activity to NDVI change.

3. Results
3.1. Spatial Distribution and Changing Trend of NDVI

The spatial distribution of the average NDVI in the growing season from 1987 to 2019
in the Qinling Mountains (Figure 4) shows that the NDVI value in most areas of the Qinling
Mountains is at a medium-to-high level, and the area of NDVI is the highest in the range of
0.6–0.8, which account for 61.19%. The areas with NDVI less than 0.4 accounted for only
2.25% of the area, which are mainly distributed in central part of Gansu Province and the
northern part of Henan Province.
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From the perspective of spatial change trends and pixel statistics (Figures 5 and 6),
99.76% of the NDVI area in the study area is increasing. The area with a growth rate greater
than 0.2/10a accounts for about 20%, mainly occurring in the area with low NDVI values,
such as central part of the Gansu province, the southeastern part of Shaanxi Province, and
parts of Henan Province. This is because a large number of artificial forests appeared after
the afforestation activities after 1999, which significantly improved vegetation coverage in
certain areas.
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Figure 5. NDVI Change rate in Qinling Mountains during 1987–2018.
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Figure 6. The area ratio of NDVI (a) and NDVI changing trend (b) in Qin Mountains during 1987–2019.

3.2. NDVI Change Trend

The analysis of the time series of average NDVI during the growing season in the
Qinling Mountains from 1981 to 2019 (Figure 7) shows that NDVI in the Qinling Mountains
has shown a continuous upward trend from 0.63 in 1981 to 0.78 in 2019. After the imple-
mentation of afforestation measures in 1999, the rate of increase in NDVI increased from
0.0016/a in 1981–1999 to 0.0028/a in 1999–2006. After the 2006 mutation year, the NDVI in
the Qinling Mountains increased rapidly, and the growth rate of NDVI was 0.0093/a, which
was much higher than the growth rate of NDVI in 1981–1999 and 1999–2006 (0.0016/a and
0.0028/a, respectively).

3.3. Climatic Factor Sensitivity Characteristics

Figures 8 and 9 include NDVI driving factors, Classification and Regression Trees
(CART), and the spatial distribution diagrams of the corresponding tree nodes. The
results show that the entire study area is significantly affected by precipitation. When
precipitation is ≤528.6 mm (node 4, 5, 7, and 8), NDVI in the Northern Qinling Mountains
is significantly affected by precipitation and altitude. When precipitation >528.6 mm (node
11, 12, 14, and15), the change of drought index has a significant impact on NDVI. In areas
with drought index ≤ −1.57 (node 11 and 12), such as the central part of the study area
(southeast of Gansu Province, the entire Shaanxi Province, and central Henan Province),
NDVI is obviously affected by temperature. Due to the fact that these areas are drier than
the southeastern part of the study area, increases in temperature increased NDVI. When the
drought index > −1.567 (node 14 and 15), NDVI is significantly affected by precipitation,
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which is mainly manifested in the high-altitude area in the western part of the study area
and the southern and southeastern areas of the study area; those areas are covered by the
grassland, which is significantly affected by precipitation.
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Figure 7. Change trend of NDVI in Qin Mountains (1981–2018).

Water 2021, 13, x FOR PEER REVIEW  8  of  13 
 

 

3.3. Climatic Factor Sensitivity Characteristics 

Figures 8 and 9  include NDVI driving factors, Classification and Regression Trees 

(CART), and the spatial distribution diagrams of the corresponding tree nodes. The results 

show that the entire study area is significantly affected by precipitation. When precipita‐

tion is ≤528.6 mm (node 4, 5, 7, and 8), NDVI in the Northern Qinling Mountains is signif‐

icantly affected by precipitation and altitude. When precipitation >528.6 mm (node 11, 12, 

14, and15), the change of drought index has a significant impact on NDVI. In areas with 

drought index ≤ −1.57 (node 11 and 12), such as the central part of the study area (south‐

east of Gansu Province, the entire Shaanxi Province, and central Henan Province), NDVI 

is obviously affected by temperature. Due to the fact that these areas are drier than the 

southeastern part of the study area, increases in temperature increased NDVI. When the 

drought index > −1.567 (node 14 and 15), NDVI is significantly affected by precipitation, 

which is mainly manifested in the high‐altitude area in the western part of the study area 

and the southern and southeastern areas of the study area; those areas are covered by the 

grassland, which is significantly affected by precipitation. 

 

Figure 8. NDVI factor interactions derived from the Classification and Regression Trees (CART). 

 

Figure 9. Spatial representation of the node membership derived from the sensitive analysis. 

3.4. The Relative Contribution of Climate Change and Human Activities to NDVI Changes 

By using the spatial distribution map of residual trend (Figure 10) and the area per‐

centage statistics  table  (Table 1),  it was observed  that human activities have played an 

obvious positive role in the increase in NDVI in the Qinling Mountains. The positive im‐

pact area of human activities reached 99.85%, of which the area with significant positive 

effect (p < 0.001) accounted for 36.49%, mainly distributed in Gansu Province and South‐

ern Henan Province  in  the Qinling Mountains. The  significant negative effect area ac‐

counted for only 0.006%, mainly distributed in urban areas and coal mining areas. This 

Figure 8. NDVI factor interactions derived from the Classification and Regression Trees (CART).

Water 2021, 13, x FOR PEER REVIEW  8  of  13 
 

 

3.3. Climatic Factor Sensitivity Characteristics 

Figures 8 and 9  include NDVI driving factors, Classification and Regression Trees 

(CART), and the spatial distribution diagrams of the corresponding tree nodes. The results 

show that the entire study area is significantly affected by precipitation. When precipita‐

tion is ≤528.6 mm (node 4, 5, 7, and 8), NDVI in the Northern Qinling Mountains is signif‐

icantly affected by precipitation and altitude. When precipitation >528.6 mm (node 11, 12, 

14, and15), the change of drought index has a significant impact on NDVI. In areas with 

drought index ≤ −1.57 (node 11 and 12), such as the central part of the study area (south‐

east of Gansu Province, the entire Shaanxi Province, and central Henan Province), NDVI 

is obviously affected by temperature. Due to the fact that these areas are drier than the 

southeastern part of the study area, increases in temperature increased NDVI. When the 

drought index > −1.567 (node 14 and 15), NDVI is significantly affected by precipitation, 

which is mainly manifested in the high‐altitude area in the western part of the study area 

and the southern and southeastern areas of the study area; those areas are covered by the 

grassland, which is significantly affected by precipitation. 

 

Figure 8. NDVI factor interactions derived from the Classification and Regression Trees (CART). 

 

Figure 9. Spatial representation of the node membership derived from the sensitive analysis. 

3.4. The Relative Contribution of Climate Change and Human Activities to NDVI Changes 

By using the spatial distribution map of residual trend (Figure 10) and the area per‐

centage statistics  table  (Table 1),  it was observed  that human activities have played an 

obvious positive role in the increase in NDVI in the Qinling Mountains. The positive im‐

pact area of human activities reached 99.85%, of which the area with significant positive 

effect (p < 0.001) accounted for 36.49%, mainly distributed in Gansu Province and South‐

ern Henan Province  in  the Qinling Mountains. The  significant negative effect area ac‐

counted for only 0.006%, mainly distributed in urban areas and coal mining areas. This 

Figure 9. Spatial representation of the node membership derived from the sensitive analysis.



Water 2021, 13, 3154 9 of 13

3.4. The Relative Contribution of Climate Change and Human Activities to NDVI Changes

By using the spatial distribution map of residual trend (Figure 10) and the area per-
centage statistics table (Table 1), it was observed that human activities have played an
obvious positive role in the increase in NDVI in the Qinling Mountains. The positive
impact area of human activities reached 99.85%, of which the area with significant pos-
itive effect (p < 0.001) accounted for 36.49%, mainly distributed in Gansu Province and
Southern Henan Province in the Qinling Mountains. The significant negative effect area
accounted for only 0.006%, mainly distributed in urban areas and coal mining areas. This
shows that human activities have played a positive role in the growth of vegetation in the
Qinling Mountains.
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Figure 10. Figure 10. The spatial distribution of NDVI residuals in Qin Mountains from 1987 to 2019.

Table 1. The Statistics of NDVI residuals in Qinling Mountains from 1987 to 2019 (%).

Residuals Trend > 0 Residuals Trend < 0 Significant
Positive

Significant
Negative

99.85 0.15 36.49 0.006

Climate change and human activities contributed 36.04% and 63.96% to the change
of NDVI, respectively (Figure 11); that is, human activities are the main factors causing
NDVI changes.
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Figure 11. The relationship between the cumulative NDVI and the year. (a) Cumulative actual NDVI. (b) Cumulative
fitting NDVI.
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4. Discussion
4.1. The Relationship between NDVI and Climate in Qinling Mountains

The greening trend of vegetation coverage can be explained by climate change and
land cover changes [28]. The impact of various driving factors on vegetation growth at
different regional scales is different [29,30]. The sensitivity analysis results of this study
show that with the increase in drought and altitude, precipitation has become the main
limiting factor for vegetation growth. In view of spatial distribution and change trends
of precipitation (Figure 12a,b), precipitation in the Qinling Mountains showed a gradual
increase trend from north to south. From the perspective of the change trend, precipitation
in the western part of the Qinling Mountains increased significantly, which is a high-
altitude area dominated by grassland, and the obvious increase in precipitation is the main
reason for the change in NDVI [31]. Some areas of the Qinling Mountains are significantly
affected by temperature, and they are mainly distributed in areas dominated by forest,
such as the central and southeastern parts of the Qinling Mountains. Combining the spatial
distribution and change trends of temperature in the Qinling Mountains (Figure 12c,d), it
was observed that the average temperature in these areas for many years was higher, and
the temperature increase rate is large, which is the main reason for the increase in NDVI,
which is consistent with the results of previous studies [31].
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4.2. The Relationship between NDVI and Land Use in Qinling Mountains

After afforestation in 1999, NDVI in the Qinling Mountains increased significantly,
especially in the areas where the low-altitude conversion of farmland to forests was im-
plemented [32]. From the perspective of land use transformation (Figure 13), the land
use transition types corresponding to the areas where NDVI has increased significantly
mainly include the following: “other land features converted to forest land” and “other
land features converted to grassland,” with an area ratio of 38.15% and 6.60%, respectively.
“Farmland to forest” and “farmland to grassland” account for 10.15% and 2.94% of the
study area, respectively. Combined with Google remote sensing image monitoring, it
was found that in the Qinling Mountains in Northern Gansu Province, Northern Henan
Province, and parts of Southern and Southeastern Shaanxi Province, these areas have a
large number of slope farmland and terraces. After the implementation of soil and water
conservation measures, a large number of artificial forests and orchard have appeared,
which resulted in an increase in NDVI in the past 32 years (Figure 14). It further explains
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that after the implementation of afforestation measures, human activities (soil and water
conservation measures and changes in land use) have become a key factor affecting the
improvement of vegetation in the Qinling Mountains.
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4.3. Significance of Research on NDVI Changes in Qinling Mountain

Vegetation coverage affects the conversion of carbon, water, and energy between the
atmosphere and the surface, and its level is related to the health of the surface ecosys-
tem [33]. In the critical period of the country’s implementation of Yangtze River protection,
Yellow River Basin ecological protection, and high-quality development strategies, the
Qinling Mountains, as the watershed and important water conservation area of the two
major river basins, have increasingly received widespread attention from society. This
paper is based on the Landsat NDVI obtained by GEE, which has a higher resolution than
MODIS NDVI and GIMMS NDVI, and can more accurately reflect spatial distribution and
changes of vegetation coverage over the years in the Qinling Mountains after returning
farmland to forest and grassland.

5. Conclusions

(1) In the past 38 years, the vegetation in the Qinling Mountains has improved signifi-
cantly. Particularly after 2006, that is, 7–8 years after afforestation measures, NDVI
increased rapidly with a growth rate of 0.0093/a, which is much higher than the two
time periods of 1987–1999 and 1999–2006;

(2) The NDVI corresponding to areas with a multi-year average NDVI ≤ 0.6 increased
significantly from 1987 to 2019, and the growth rate was greater than 0.25/10a. For
example, in the southeastern part of Gansu Province, Northern Henan Province, and
Southeastern Shaanxi Province, the key reason for the increase in NDVI was the
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conversion of farmland to forest and grassland. However, in areas where NDVI > 0.6,
such as central Shaanxi Province, Gansu Province, and central Henan Province, most
of the land use types in these regions have not changed, and the corresponding NDVI
growth rate is not large.

(3) NDVI in the central part of Qinling Mountains was significantly affected by pre-
cipitation, drought index, and temperature, while NDVI in the west and east was
significantly affected by changes in precipitation and altitude. After the implementa-
tion of afforestation, human activities have become an important factor in the increase
in NDVI, with a contribution rate of 63.96%. From a spatial point of view, the area of
the study area that was significantly positively affected by human activities reached
36.49%, mainly distributed in most areas of Gansu Province and Southern Shaanxi
Province. The corresponding land use in these areas was transformed from farmland
to grassland and forest.
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