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Abstract

Vegetation plays an important role in the exchange of heat and moisture in the earth-atmosphere
system, and the vegetation index can not only better measure the growth and changes of vegetation,
but also provides required data for meteorological, hydrological, ecological and other studies.
Therefore, in-depth study of the spatial and temporal changes in regional vegetation index is of great
significance for guiding ecological environment protection and governance. This paper takes the
northern foothills of the Qinling Mountains and its north area in Shaanxi as the research object,
analyzes the sensitivity of normalized vegetation index (NDVI) acquired from Sentinel-2, Landsat
and MODIS data to the phenological characteristics of vegetation, and uses the linear regression slope
method and partial correlation coefficient method to analyze and discuss the spatiotemporal
distribution characteristics and influencing factors of NDVI at different time scales. The results show
that: 1) Sentinel-2 images and MODIS images have better spatiotemporal consistency in obtaining
monthly NDVI data and refining vegetation phenological characteristics in the study area than
Landsat images; 2) NDVI at different time scales in the study area showed a significant upward trend
during 2001-2023, with a large NDVI increase mainly concentrated in the eastern part of the study
area, especially in the Lishan Mountain area, while the areas with a decrease or no significant change
in NDVI are mainly urban areas where human life and production are relatively frequent; 3) The
NDVI in most areas of the study area showed an increasing trend from 2019 to 2023, especially in the
Lishan Mountain area within the ecological protection and restoration project area, but there was a
large area of NDVI decrease in the western part of the Qinling mountain front flood plain; 4) The
lagging effects of precipitation and air temperature on monthly NDVI are both positive in a short
period of time. Meanwhile, in spring and monthly scales, precipitation and air temperature have a
positive correlation with vegetation growth in the study area, and the influence of air temperature is
more significant.
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1. Introduction

In the past century, the global ecological environment has undergone significant changes.
Among them, a series of ecological problems caused by climate warming increasingly threaten the
sustainable development of human society, and therefore have attracted more and more attention
from governments and scientists around the world. Vegetation is an important component of global
ecosystems and an intermediate link connecting soil, atmosphere, and moisture [1]. Surface
vegetation participates in the surface energy cycle, water cycle, biogeochemical cycle and other
processes through photosynthesis, respiration, transpiration, etc., and plays an important role in
regulating climate, maintaining soil and water, and improving ecological conditions [2,3]. At the
same time, because vegetation has obvious interannual and seasonal variation characteristics, it
serves as an “indicator” in global changes [4,5]. Vegetation coverage represents the overall ecological
environment to a large extent, and its condition is directly related to the stability and security of the
regional ecological environment [6].

Since the launch of the first Earth Resources Technology Satellite (ERTS) carrying a Multispectral
Scanner (MSS) in 1972, people's perspective on regional environmental monitoring has gradually
shifted from land to sky. Research on vegetation cover changes in different regions based on RS
(Remote Sensing) and GIS (Geographic Information System) technology has become a focus [7], and
has been continuously deepened in many fields such as ecological environment protection and
restoration, land use planning, disaster risk assessment, and climate change research [8]. Currently,
the main methods used to study vegetation cover change characteristics include Leaf Area Index
(LA1), Fraction of absorbed Photosynthetically Active Radiation (FPAR), Net Primary Productivity
(NPP), Normalized Difference Vegetation Index (NDVI), Ratio vegetation index (RVI) and kernel
NDVI [9,10]. Among them, NDVI has become the most classic vegetation index in practical
applications due to its advantages of simple calculation, high vegetation monitoring sensitivity, and
high spatial-temporal adaptability, and is also an important indicator for evaluating regional and
local vegetation changes [11-13].

Continuous and stable NDVI data are the basis and prerequisite for long-term monitoring of
surface vegetation characteristics [14]. The more commonly used satellites include: Landsat series,
MODIS (Moderate-resolution Imaging Spectroradiometer), Sentinel-2, etc. Among them, the most
typical Landsat series satellite data, whose multispectral band image spatial resolution is 30 m, is
widely used in vegetation coverage type mapping and condition investigation. However, its 16-day
revisit period, coupled with the extended impact of cloud and rain weather, seriously affects its
application in vegetation dynamic monitoring [15]. The vegetation products of MODIS data have
good consistency and multi-temporal characteristics, and have good applications in monitoring
vegetation phenology and status dynamics. However, its spatial resolution is low, making it difficult
to capture the differences in spatial characteristics within a small area and meet refined vegetation
monitoring and management [16]. Seninel-2 data has the characteristics of high spatial-temporal
resolution, and can more accurately monitor vegetation changes since 2016 than Landsat and MODIS
data. However, for longer time scales and specific areas, the sensitivity of high temporal resolution
MODIS data and high spatial resolution Landsat data to vegetation index is still unknown and
requires further comparison and verification.

At present, most research focuses on the monitoring of spatial-temporal dynamic change
characteristics of vegetation coverage, the driving mechanism of regional vegetation coverage
changes, and the qualitative analysis and prediction of regional vegetation coverage using multi-
model combination methods. There have been considerable results in these aspects. For example, in
the direction of monitoring spatial-temporal change characteristics, the study found that the
interannual variation of NDVI in most areas of China (80.1%) has shown an increasing trend in the
past 40 years, and the areas showing a degradation trend are mainly concentrated in the Northeast,
northern Xinjiang and the Qinghai-Tibet Plateau [17]; In the direction of studying influencing factors,
based on geographical detectors, using methods such as differentiation, factor detection, and
interaction detection [18], the impact of climate change, land use change and other factors on
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vegetation coverage was studied, and it was found that climate change (especially precipitation) is
one of the main factors leading to changes in vegetation coverage [19]. However, based on the
topography, longitude and latitude of different regions, its impact on vegetation coverage varies
[20,21]. In addition, as the scope and intensity of human activities continue to expand, human factors
have gradually become an important factor affecting changes in vegetation coverage [19,22]. In terms
of qualitative analysis of influencing factors, people usually use the Pearson correlation coefficient
and the Spearman rank correlation coefficient to build correlation models to explore the positive and
negative correlations of influencing factors on vegetation cover changes [10]. With the continuous
follow-up of research, people have introduced partial correlation coefficients to build models on this
basis [23-25], further improving data accuracy and reducing the error of other factors on correlation
results.

The Qinling Mountains are one of the key areas for global biodiversity. It is the dividing line
between the north and south of China's climate and an important ecological security barrier in China.
Its north and south slopes have typical climate differences and vegetation distribution differences
[26,27]. At the same time, the Qinling Mountains are a transition zone and sensitive area to climate
change in China. Studies have shown that the air temperature in the Qinling Mountains has changed
to varying degrees at different spatial-temporal scales [27,28]. The northern foothills of the Qinling
Mountains in Shaanxi have large areas of forest, wetland, grassland and other ecosystems, which
provide important ecological services to the region. However, these ecosystems are at risk of
degradation and destruction due to human activities and climate change. Therefore, this paper uses
multi-source remote sensing data to jointly analyze the spatiotemporal variation characteristics and
influencing factors of vegetation index in the northern foothills of the Qinling Mountains and its north
area in Shaanxi from 2001 to 2023. The research results are expected to provide scientific basis for
regional vegetation dynamic monitoring, environmental protection and restoration, provide
decision-making reference for ecological environment construction and coordinated development of
man-land relations in the northern foothills of Qinling Mountains in Shaanxi, and achieve sustainable
development of the ecological environment.

2. Materials and Methods

2.1. Study Area

The northern foothills of the Qinling Mountains and its north area in Shaanxi are an important
ecological barrier and water conservation area for the Guanzhong Plain. The administrative division
includes 15 counties (districts) of Xi 'an, Baoji and Weinan, such as Baqiao, Chang 'an, Huxian,
Zhouzhi, Tongguan, Linwei, Lintong, Huayin, Hua County, Lantian, Meixian, Taibai, Baoji, Qishan
and Weibin [29]. The geographical location and altitude distribution of the study area are shown in
Figure 1.

Affected by the terrain, the Qinling Mountains have formed a complex climate environment and
rich and diverse climate resources. The Qinling Mountains have four distinct seasons, with rain and
heat occurring at the same time. The climate elements are obviously different with the increase of
altitude. In the area below 1800 m above sea level, the annual average air temperature is 10-16°C, the
average air temperature of the coldest month is 15°C, the average air temperature of the hottest month
is 20-28°C, and the annual precipitation is 600-900 mm; in the area with an altitude of 1800-2800 m,
the annual average air temperature is 2-10°C, the coldest month air temperature is -9-1°C, the hottest
month air temperature is 10-20°C, and the annual precipitation is 800-1000 mm; In the zone above
2800 m, long winter and no summer are the most significant climate features. Low air temperature is
the most significant climate feature. The average annual air temperature does not exceed 2°C, the air
temperature in the coldest month is below -9°C, and the average air temperature in the hottest month
is below 10°C. Due to the high altitude, the water vapor content in the airflow decreases, and thus the
precipitation also decreases, with the annual precipitation being less than 1000 mm [30]. Rich climate
resources have given birth to rich vegetation resources. The vegetation at the northern foothills of the
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Qinling Mountains shows obvious vertical zonation. From bottom to top, there are evergreen
broadleaved forest, deciduous broadleaved forest, evergreen needle-leaved forest and sub-alpine
grass. In addition, the Guanzhong Plain area is suitable for farming, and its natural vegetation has
been replaced by artificial vegetation. The main vegetation type is cultivated vegetation, including
crops that crop once a year and three crops every two years, cold-resistant economic crops, and
deciduous fruit trees [31] (Figure 2).
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Figure 1. Study area.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.1752.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 November 2025 d0i:10.20944/preprints202511.1752.v1

5 of 18
107°I40'E 108‘:0'E 108°|2(]‘E 108°|40‘E 109"’0'E 109°'ZO'E 109°I40'E
= - E 5 =
Sk &
=t <t
(2] (a2}

34°0'N

33°40'N

107°40'E 108°0'E 108°20'E 108°40'E 109°40

109°0'E 109°20'E 'E
¢ 15 30 60 Kilometers Legend
I T A I [ ICropland I Shrubland
I Cropland (Part-1) I Evergreen broadleaved forest [] Grassland
[_1Woodland (Part-2) Bl Deciduous broadleaved forest [ | Non-vegetation

B Evergreen needle-leaved forest

Figure 2. Surface coverage in  the study  area (data  from  GLC_FCS30-2020;
https://data.casearth.cn/sdo/detail/5fbc7904819aeclea2dd7061) [32].

2.2. Data

The Sentinel-2, Landsat and MODIS data used in this study were all downloaded through the
GGE platform. Sentinel-2 is a high spatial-temporal resolution multispectral imaging satellite. The
revisit period of one satellite is 10 days, and the two complement each other. The revisit period is 5
days and the spatial resolution is 20m; the Landsat data revisit period is 16 days. The spatial
resolution is 30m; MODIS data has high temporal resolution and can provide 8-day vegetation index
with a spatial resolution of 500m.

The Landsat 8 L2 and Sentinel-2 L2 data have been preprocessed by radiometric correction,
geometric correction and atmospheric correction. De-cloud processing is performed before
calculation to avoid cloud interference. The MODIS image preprocessing process includes
radiometric calibration, geometric correction, geometric cropping, atmospheric correction and cloud
removal. The wavelength bands selected for the study are red light band and near-infrared band. The
maximum value synthesis method was used to obtain monthly time series NDVI data in the study
area. In addition, the study further calculated spatial data such as annual average NDVI, growing
season (April-October), spring (March-May), summer (June-August) and autumn (September-
November) average NDVI.

Precipitation and air temperature data come from the National Tibetan Plateau Scientific Data
Center (https://data.tpdc.ac.cn/home) [33-36], and the time range is 2001- 2022, the temporal
resolution is monthly and the spatial resolution is 1 km. DEM data comes from NASA (National
Aeronautics and Space Administration) Land Processes Distributed Active Archive Center (LP
DAAC) (https://lpdaac.usgs.gov/news/release-nasadem-data-products/), with a spatial resolution of
30m .

2.3. Methods

2.3.1. NDVI

The NDVI can reflect the background effects of the plant canopy, such as soil, wet ground, snow,
dead leaves, roughness, etc., and is related to vegetation cover. Although NDVI is more sensitive to
changes in soil background, NDVI can eliminate most of the irradiance changes related to instrument
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calibration, solar angle, terrain, cloud shadow and atmospheric conditions, and enhance the response
ability to vegetation, which is the most widely used among more than 40 existing vegetation indices
[37]. NDVlI is defined as [38]:

NDVI = (NIR — RED)/(NIR + RED) (1)

In the formula, NIR is the reflection value of the near-infrared band in the remote sensing image,
and RED is the reflection value of the red light band in the remote sensing image. NDVI always
ranges from -1 to +1, but there are no clear boundaries for each type of land cover. When the NDVI
value is negative, it's probably water. When the NDVI value is close to +1, it is likely to be dense
vegetation. When NDVlI is close to zero, it may be bare land or urbanized areas.

2.3.2. Correlation Analysis

Pearson correlation coefficient is used to calculate the correlation of monthly NDVI data of
Sentinel-2, Landsat and MODIS. The calculation formula is:
Ry, = Yiey (=) (yi=y)
JZL Cei=®)? By i=9)?

In the formula, R xy is the correlation coefficient between variables x and y; i is the number of

@)

samples; X; and y; are the NDVI data of month i respectively; X and Y are the mean values of x
and y during the study period, respectively.

The partial correlation coefficient can temporarily ignore the influence of other factors and
analyze the correlation degree between the two factors separately [24]. Its calculation formula is:

r=(r; —rur)/[(1 - Tﬁc)(l -] ©)

In the formula, r is the partial correlation coefficient between i and j when k is used as the control
variable; j and k represent different climate factors respectively. 7, j and k in this article represent
NDVI, average air temperature and precipitation respectively.

The value range of the correlation coefficient is -1~1. A positive value represents a positive
correlation between variables, and a negative value represents a negative correlation between
variables. The greater the absolute value of the correlation coefficient, the stronger the correlation
between variables.

2.3.3. Linear Regression Trend Analysis

In this paper, a single linear regression equation is used to calculate the NDVI interannual trend,
and the slope of the linear regression equation is taken as the NDVI interannual trend rate [24,39].
The calculation formula is as follows:
nxI (ixNDVI)~(Z} i) (X} NDVI;) @
nxgF i2—($Fi)°
In the formula, Slope is the slope of the linear regression equation fitting NDVI and time

Slope =

variables, n is the number of years in the study period, and NDVI; is the average NDVI in year i.
When Slope>0, it means that the research object is on an upward trend, otherwise it is on a downward
trend. The larger the absolute value of Slope, the faster the NDVI changes. The F test was used to
determine the significance of any trend; a trend was considered significant when p < 0.05.

3. Results

3.1. Consistency and Difference Analysis of Various Remote Sensing Data

3.1.1. Spatial Consistency and Dissimilarity

This article selects February and August 2022 as representatives of low and high NDVI values
in the study area to conduct adaptability analysis of Sentinel-2, Landsat and MODIS remote sensing
images. Figures 3 and 4 show the February, August and annual average NDVI spatial distribution
maps of Sentinel-2, Landsat and MODIS remote sensing images of the study area in 2022, in which
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the white areas represent missing values. The greater the degree of phase missing, the more
incomplete the monthly NDVI spatial distribution in the entire study area is. Figure 5 shows the
missing rate of the monthly data synthesized from the three types of data.

Judging from the spatial distribution of NDVI (Figures 3 and 4), the distribution patterns of
Sentinel-2 and MODIS data in February and August and the annual average NDVI are relatively
consistent. The high-value areas in February were concentrated in the Qishan County-Fufeng County
area. In August, obvious north-south stratification of NDVI could be seen. The NDVI value in the
northern foothills of the Qinling Mountains south of the Wei River was significantly higher than that
in the Guanzhong Plain. This is consistent with the distribution of the annual average NDVI, but the
Landsat data does not show this feature well.
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Figure 3. Spatial distribution map of NDVI in February and August for three types of data in 2022.

107°40'E 108°20'E 109°0'E 109°40'E
1 1 1 1 1 1 1

Z

(=

o

3 A

Zz

03 -

@ Legend
NDVI

B <02
[ ]-02-0
2022 | [ ]o-02
Landsat I:I 0.2 - 0.4
T 04-06
P o06-08
B os-1

0 25 50 100 km
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From the perspective of the missing rate (Figure 5), Sentinel-2 and MODIS monthly NDVI phases
have a smaller degree of missing, most of the missing rates are less than 20%, and both have good
spatial integrity. The missing rates of these two types of data in October are relatively high, and the
missing values of MODIS data are mainly concentrated in the area west of Lishan Mountain, where
there is less vegetation (Figure 2). The missing rate in Landsat data is relatively high in most months,
especially in October, November and December.

Sentinel-2 Landsat

Figure 5. Changes in the monthly missing rate (%) of three types of NDVI data in 2022.

3.1.2. Temporal Consistency and Variability

By analyzing the monthly NDVI data of Sentinel-2, Landsat and MODIS in 2022 (Figure 6), it
can be seen that the three data are relatively consistent in capturing phenological changes in
vegetation growth, and the month in which the NDVI peak appears is basically the same, but the
minimum NDVI value of Sentinel-2 and MODIS appears in February, while the minimum value of
Landsat is in January. The former is consistent with existing studies [31]. In terms of numerical values,
the monthly NDVI values of MODIS and Sentinel-2 are generally greater than the monthly NDVI
values of Landsat. By calculating the correlation between the three, it was found that Sentinel-2 has
a strong correlation with the MODIS monthly NDVI value (R=0.97, P<0.01).
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Figure 6. Change trends of NDVI in 2022 for three types of data in the study area.
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In order to further analyze the temporal consistency and difference of the three types of data,
we selected daily data from January to April to compare the sensitivity of Sentinel-2, Landsat and
MODIS data to vegetation changes. We calculate the availability of three types of NDVI data, as
shown in Figure 7. It can be seen that due to the influence of clouds and fog, the missing rate of daily
NDVI data is generally high. Half of the Sentinel-2 images have a missing rate of more than 50%.
There are 3 MODIS images with a missing rate of more than 60%. However, comparing Figure 5, we
can see that the high time resolution of Sentinel-2 and MODIS data can better make up for the
problem of missing detection rate. The missing rate of synthetic monthly NDVI data is basically stable
at less than 10%, while the Landsat data with a revisit period of 16 days occupy two images in a large
study area (Path: 127, Row: 36; Path: 127, Row: 37) had a very high missing rate, and only 2/7 groups
of images had a missing rate below 50%, and the monthly NDVI data synthesized from these 5 images
could not compensate for the missing rate (Figure 5).
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Figure 7. Changes in daily missing rate (%) of three types of NDVI data in the study area from January to April

in 2022.

According to vegetation type (Figure 2) and daily NDVI loss rate (Figure 7) in the study area,

we selected two sub-regions to compare the ability of three kinds

of data to refine vegetation

phenological characteristics of early cropland (Part-1) and forest land (Part-2) (Figure 8). Overall, the

time series curves of these two sub-regions are relatively complete. As time goes by, the NDVI of the

three data all show a trend of first decreasing and then increasing. The

low peak is between January

22 and February 5. The NDVI values of Sentinel-2 and MODIS data are relatively close, with fewer
Sentinel-2 NDVI values showing abnormalities, while the NDVI values of Landsat data are still

significantly low, and the data volume is small, making it impossible to accurately capture changes

in vegetation. In addition, there are certain differences in the phenological characteristics of the two

sub-regions. The NDVI of cropland basically maintained around 0.5

from January to March, and

began to increase significantly from mid-to-late March to early April (red frame line area in Figure

8), which was consistent with the time of winter wheat jointing in this region [40]. The rapid growth

of NDVI in forest land began in early April (pink frame line area in Figure 8). This is due to the fact

that after April, the air temperature rises, the precipitation increases, and the vegetation growth speed

accelerates [6]. Overall, Sentinel-2 and MODIS data have good consistency in the time series of

cropland and forest land, and have the ability to refine early vegetation phenological characteristics.
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Figure 8. Time series of daily NDVI of three types of data from January to April 2022.
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3.2. Analysis of Spatiotemporal Evolution of NDVI

3.2.1. Long-Term Spatial and Temporal Variation Characteristics of NDVI

Since the NDVI calculated by MODIS data and Sentinel-2 data have higher spatiotemporal
consistency in the northern foothills of the Qinling Mountains and its north area in Shaanxi, MODIS
will be selected to obtain the spatiotemporal variation characteristics of NDVI in the study area from
2001 to 2023 (Figure 9). As can be seen from the figure, the annual mean NDVI value in the study
area fluctuates between 0.52 and 0.61, showing an increasing trend (Slope=0.003), and passes the 99%
significance test (Table 1). The average NDVI in the growing season is higher than the annual mean
NDVI, with a difference of 0.10~0.13, showing a more significant growth trend. From the time series
of NDVI changes in spring, summer and autumn (Figure 9), it can be seen that in 23 years, NDVI was
the largest in summer, while spring and autumn alternated with each other, fluctuating between
0.51~0.63, 0.68~0.78 and 0.53~0.63, respectively. From the perspective of the changing trend of each
season, it showed an upward trend, and the rising trend in summer and autumn was relatively faster,
passing the significance test of 99% (Table 1).

0.85 .
-+ Annual mean Growing season

0.8 | —Spring =<Summer
0.75 | ——Autumn
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0.6
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0.45
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Figure 9. Change trends of spring, summer, autumn, growing season and annual mean NDVI in the study area
from 2001 to 2023.

Table 1. Significance of changes in spring, summer, autumn, growing season and annual average NDVI in the
study area from 2001 to 2023.

Period Slope Significance test
Annual mean 0.003 P<0.01
Growing season 0.004 P<0.01
Spring 0.003 P<0.01
Summer 0.004 P<0.01
Autumn 0.004 P<0.01

The multi-year mean NDVI in the study area from 2001 to 2023 generally shows a spatial
distribution characteristic of higher in the south and lower in the north (Figure 10 a-e), which is
consistent with the altitude distribution (Figure 1). The annual mean NDVI of the entire region is
0.56, with a maximum value of 0.78. Vegetation growth is in good condition, of which dense
vegetation coverage (NDVI>0.6) accounts for 45.89%. The high NDVI value areas in summer, autumn
and growing season are concentrated in the Qinling Mountains in the south of the study area, and
the low NDVI value areas are mainly concentrated in the urban areas of the Guanzhong Plain.
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However, there is no obvious north-south difference in the multi-year average NDVI value in the
study area in spring.

By analyzing the change rate of the multi-year mean NDVI in the study area from 2001 to 2023
(Figure 10 h+j, the color area passed the 95% significance test), the NDVI in most areas of the study
area showed a significant increasing trend. The substantial growth is mainly concentrated in the
eastern part of the study area, especially in the Lishan Mountain area, while the areas with a decrease
or no significant change in NDVI are mainly urban areas where human life and production are

relatively frequent.
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Figure 10. Spatial distribution pattern of multi-year mean and change rate of NDVI in spring, summer, autumn,

growing season and annual mean in the study area from 2001 to 2023.

3.2.2. Change Characteristics of NDVI in the Past Five Years

As can be seen from Figure 9, in the past five years, there has been a fluctuating trend of NDVI
rising first, then falling, and then rising again. Here, we use Sentinel-2 data with higher
spatiotemporal resolution to monitor the vegetation changes at the northern foothills of the Qinling
Mountains in Shaanxi in the past five years, with a view to providing data support for protection and
management. Figure 9 shows the spatial distribution characteristics of NDVI from 2019 to 2023. It can
be seen that the overall distribution characteristics are relatively consistent with the multi-year mean
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of NDVI. The annual mean NDVI from 2019 to 2023 are 0.52, 0.53, 0.55, 0.54 and 0.7
respectively(Figure 1la-e). This is consistent with the results obtained from MODIS NDVI data
(Figure 9). By calculating the slope of NDVI from 2019 to 2023, it was found that the NDVI showed
an increasing trend in almost most areas, especially in the south and east of the study area. In
addition, we observed that the NDVI in the main integrated protection and restoration project area
of mountains, rivers, forests, fields, lakes, grass and sand in the northern foothills of the Qinling
Mountains in Shaanxi increased rapidly, especially in the Lishan Mountain area (red frame line area
in Figure 11f), but there was a large area of NDVI reduction in the western part of the Qinling
mountain front flood plain (blue frame line area in Figure 11f).
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Figure 11. Spatial distribution pattern of annual mean NDVI values in the study area from 2019 to 2023.

In order to further analyze the preliminary results of the ecological protection and restoration
project, we selected the Lishan Mountain area (Part-3) and the Qinling mountain front flood plain
(Part-4), two areas with opposite changing trends, to conduct NDVI analysis in the past five years.
By comparison (Figure 10), it can be seen that basically all months in the Lishan Mountain area show
an increasing trend year by year, with a decrease in NDVI in 2022, but a significant increase in 2023,
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and the annual average NDVI in 2019-2023 are 0.47, 0.49, 0.55, 0.53 and 0.59, respectively. After
consulting the information, the landscape project at the northern foothills of Qinling Mountains was
launched in 2023. It mainly solves the ecological and environmental problems in the shallow hilly
area of Lishan Mountain in the main body of the northern foothills of Qinling Mountains, including
comprehensive management of water and soil erosion, land remediation, improvement of water
source conservation functions, and vegetation restoration. The monitoring results (Figure 12) can
reflect the current effectiveness of the project. However, in the Part-4 area, which is also part of the
ecological protection and restoration project area, the NDVI decreased to varying degrees every
month in 2019-2023, especially during the growing season (April-October). In the future, we need to
focus on the protection and restoration of this area.
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Figure 12. Variation trend of monthly NDVI value in the two sub-regions from 2019 to 2023.

4. Discussion

There are many influencing factors that cause changes in vegetation coverage, which can be
divided into two major factors: natural and human activities [41-43]. Natural factors involve climate
factors and geographical environment. In this paper, precipitation and air temperature, which are
closely related to the temporal and spatial variation of NDVI, are analyzed and discussed. Figure 13
is the result of the lead-lag partial correlation analysis between monthly NDVI sequence changes and
precipitation and air temperature in the study area from 2001 to 2022. The abscissa represents the lag
time of monthly NDVI and climate factors. It can be found that the partial correlation between
monthly NDVI and air temperature ( r=0.87, P<0.01) is much higher than the partial correlation with
precipitation (r=0.30, P<0.01), and it is different from the lag effect of precipitation and air
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temperature. The lag effect of air temperature on monthly NDVI is positive for 1-2 months and
negative for 3-8 months. The lag effect of precipitation on monthly NDVI was positive in 1-5 months
and negative in 6-8 months. The lag effect of both on NDVI is positive in a short period of time, which
indicates that vegetation growth can be controlled by coordinating climate in this region [24,44,45].

Judging from the partial correlations between NDVI and precipitation and air temperature at
different time scales (Table 2), the correlation between air temperature and NDVI in spring is 0.55,
passing 99% significance test, and the correlation between precipitation and NDVI is 0.49, passing
95% significance test. Except for spring, NDVI at other time scales has no significant correlation with
precipitation and air temperature.

In summary, on the spring and monthly scales, precipitation and air temperature have a positive
correlation with vegetation growth in the study area, and the influence of air temperature is more
significant.

—Precipitation 1 r
——Air temperature

-0.4
0.6 -
08 |

a1t
Lag time (month)

Correlation coefficient

Figure 13. Correlation between monthly NDVI value and precipitation and air temperature in the study area
from 2001 to 2022.

Table 2. Partial correlation between annual NDVI average and rainfall and temperature in the study area from
2001 to 2022.

Period Precipitation Air temperature
Annual mean 0.30 0.28
Growing season 0.23 0.02
Spring 0.49* 0.55**
Summer 0.23 0.28
Autumn 0.25 0.13

* means indicates that the t test at a confidence level of 95% has been passed, ** means passed the t-test at a

confidence level of 99%.

In this article, we only focuses on the spatiotemporal evolution of NDVI in the study area, its
correlation with precipitation and air temperature, and the time-lag effect based on statistical
methods. In the future, the response of NDVI to other influencing factors (such as relative humidity,
sunshine hours, potential evapotranspiration, etc.) can be further studied, the contribution rate of
climate factors and human activities to vegetation change can be quantitatively studied, and the
driving mechanism of vegetation change can be further analyzed. In addition, positive human
activity like the integrated protection and restoration project of the main mountains, rivers, forests,
fields, lakes, grass and sand in the northern foothills of the Qinling Mountains in Shaanxi is
continuing to advance. In the future, high temporal resolution remote sensing data (such as Sentinel-
2 and MODIS) will be used to further track the effectiveness of its protection and restoration.
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5. Conclusions

The sensitivity of NDVI to vegetation phenological characteristics in the northern foothills of
Qinling Mountains and its north area in Shaanxi province was compared and analyzed from Sentinel-
2, Landsat and MODIS data, and the change characteristics and possible influencing factors of NDVI
from 2001 to 2023 were analyzed from annual mean, growing season, spring, summer, autumn and
monthly time scales. The main conclusions are as follows:

(1) Compared with Landsat images, Sentinel-2 images and MODIS images have better spatial
and temporal consistency in obtaining monthly NDVI data at the northern foothills of Qinling
Mountains and its north area in Shaanxi and refining vegetation phenological characteristics;

(2) From 2001 to 2023, spring, summer, autumn, growing season and annual mean NDVI
showed a significant upward trend, and the average NDVI in growing season was 0.10-0.13 higher
than that in annual mean NDVI, and the NDVI in summer was the largest, while the NDVI in spring
and autumn alternated with each other. The large spatial increase of NDVI is mainly concentrated in
the eastern part of the study area, especially in the Lishan Mountain region, while the areas where
NDVI decreases or has no significant change are mainly urban areas where human life and
production are relatively frequent.

(3) The NDVI in most areas of the study area showed an increasing trend from 2019 to 2023,
especially the Lishan Mountain area in the main mountains, rivers, forests, fields, lakes, grass and
sand integrated protection and restoration project area at the northern foothills of the Qinling
Mountains in Shaanxi. However, there was a large area of NDVI decrease in the western part of the
Qinling mountain front flood plain.

(4) The lag effects of precipitation and air temperature on monthly NDVI are both positive in a
short period of time. Meanwhile, in spring and monthly scales, precipitation and air temperature
have a positive correlation with vegetation growth in the study area, and the influence of air
temperature is more significant.

The research results can provide scientific basis and decision-making reference for vegetation
protection, soil and water conservation and ecological environment construction in the northern
foothills of the Qinling Mountains.
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