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Abstract: The spatiotemporal evolution of vegetation and its influencing factors can be used to
explore the relationships among vegetation, climate change, and human activities, which are of
great importance for guiding scientific management of regional ecological environments. In recent
years, remote sensing technology has been widely used in dynamic monitoring of vegetation. In
this study, the normalized difference vegetation index (NDVI) and standardized precipitation–
evapotranspiration index (SPEI) from 1998 to 2017 were used to study the spatiotemporal variation
of NDVI in China. The influences of climate change and human activities on NDVI variation were
investigated based on the Mann–Kendall test, correlation analysis, and other methods. The results
show that the growth rate of NDVI in China was 0.003 year−1. Regions with improved and degraded
vegetation accounted for 71.02% and 22.97% of the national territorial area, respectively. The SPEI
decreased in 60.08% of the area and exhibited an insignificant drought trend overall. Human activities
affected the vegetation cover in the directions of both destruction and restoration. As the elevation
and slope increased, the correlation between NDVI and SPEI gradually increased, whereas the impact
of human activities on vegetation decreased. Further studies should focus on vegetation changes in
the Continental Basin, Southwest Rivers, and Liaohe River Basin.

Keywords: normalized difference vegetation index; standardized precipitation–evapotranspiration
index; human activities; China

1. Introduction

As the link between the atmosphere and the geosphere, vegetation is an important
component of terrestrial ecosystems and plays important roles in the hydrological cycle,
climate regulation, and land surface energy exchange [1]. Vegetation ecosystems are the
result of long-term interactions between climate, human activities, and terrain [2–4]. In
the context of global warming and intensified human activities, terrestrial vegetation
ecosystems have undergone unprecedented changes [5]. Monitoring vegetation changes
and their driving factors has become a hot and difficult topic in current research [6–8]. Since
the beginning of the 21st century, rapid development of remote sensing technology [9] has
allowed it to be used in many fields such as meteorological monitoring, soil reproduction,
and urban research [10,11]. In addition, remote sensing images are widely used to monitor
changes in vegetation coverage [12–14]. The normalized difference vegetation index (NDVI)
has become the most popular index for assessment of vegetation dynamics owing to its
universality and simple acquisition [15], as well as its strong correlations with net primary
productivity, photosynthetic capacity, and leaf area index [16,17]. The number of papers
reporting on the NDVI sharply increased from 795 in the 1990s to 3361 in the 2000s and to
12,618 in the 2010s [15].

In recent years, many scholars have studied vegetation changes under climate change
based on NDVI time series [18–20]. Based on the global NDVI data set from 1982 to
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2011, Eastman et al. [21] found that NDVI increased significantly in all continents except
Oceania. Wu et al. [22] evaluated the spatiotemporal changes in global vegetation based
on global NDVI data and concluded that this change was the result of global warming.
With global warming, the frequency of extreme precipitation events is increasing [23,24].
Jiao et al. [25] studied the driving factors of NDVI changes on the Qinghai–Tibet Plateau,
and the results showed that precipitation is the dominant factor driving vegetation changes,
accounting for 39.7% of the survey region. Pei et al. [26] studied the sensitivity of vegetation
activities in the Yangtze River Basin of China to changes in extreme precipitation events,
and the results showed that there was a relationship between NDVI changes and extreme
precipitation events; both showed an increasing trend, especially the maximum NDVI.
However, it is difficult to comprehensively describe the dry–wet climate conditions using
a single precipitation or temperature factor. The meteorological drought index combines
these factors to represent the overall climate and the environment [27]. Serrano et al. [28]
proposed a standardized precipitation evapotranspiration index (SPEI) to characterize
meteorological drought. This index inherits the characteristics of the Palmer drought
severity index (PDSI), which considers the temperature sensitivity of evapotranspiration,
and the advantages of the standardized precipitation index (SPI), which is easy to calculate
and provides a multi-time scale and multi-space comparison [29–31].

Moreover, with the intensification of human activities, many scholars have increas-
ingly realized that human activities have an increasing impact on vegetation coverage.
Therefore, human activities and vegetation changes have received extensive attention.
Research results show that well-planned human activities can maximize the benefits of
ecological restoration projects [32,33], and that reasonable vegetation restoration measures
are conducive to reducing the vulnerability of vegetation and minimizing the impact of
extreme weather [34,35]. Different vegetation types have different responses to human
activities under different climatic conditions [36], and reforestation can effectively restore
vegetation and increase the NDVI value [37]. However, with the increase in population and
economic development, urbanization in China has increased, and vegetation in developed
areas and their surroundings has tended to be destroyed to a certain extent [38]. Prior to
2000, forest areas in most regions of China were significantly reduced [39]. For this reason,
the Chinese government launched six ecological restoration projects, including the Grain
for Green Program, the Three-North Shelterbelt Project, and the Natural Forest Protect
Project, which have had positive impacts on vegetation restoration [40,41].

Previous studies have investigated the effects of various factors on the temporal
changes in NDVI, ignoring the influence of spatial heterogeneity of various factors that
play an important role in the spatial distribution of NDVI [2]. However, many studies
have shown that vegetation changes are related to the spatial distribution characteristics
of topography, land use, and soil to a certain extent [42,43]. In addition, previous studies
have mostly focused on the impact of a single factor on vegetation changes. In reality,
vegetation evolution is a complex process under the combined effects of climate change
and human activities and is affected by the combined effects of multiple factors. It is not
sufficiently rigorous to study only the relationships between vegetation change and individ-
ual factors [44–46]. Hence, it is necessary to comprehensively consider the spatiotemporal
changes in various factors and their effects on NDVI changes [47,48].

This research explored the impacts of climate change and human activity on vegetation
changes in China. First, we analyzed the spatiotemporal changes in NDVI and SPEI from
1998–2017 and determined the correlation between NDVI and SPEI. Second, we explored
the changing dynamics of NDVI and its correlation with the SPEI under different vegetation
types. Finally, we discussed the impact of terrain on NDVI and its correlation with SPEI.
The results assist in explaining the reasons for NDVI changes in China and improve our
understanding of the ways in which climate change and human activities impact NDVI
dynamics.
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2. Materials and Methods
2.1. Study Area

China is located in eastern Asia (3◦51′~53◦33′N, 73◦33′~135◦05′E; Figure 1a). It is the
third largest country in the world, with a land area of approximately 9,600,000 km2. The
elevation is high in the west and low in the east. In the west, the Qinghai–Tibet Plateau is
the highest plateau in the world, with a mean elevation of more than 4000 m, and is known
as the Third Pole of the world (Figure 1c). China as a whole can be divided into nine major
river basins: the Yangtze River Basin (YARB), Yellow River Basin (YRB), Pearl River Basin
(PRB), Southwest Rivers (SWR), Southeast Rivers (SER), Haihe River Basin (HRB), Huaihe
River Basin (HURB), Songhua and Liaohe River Basin (SLRB), and Continental Basin (CB).
In the past 20 years, the climate in northern China has tended to be arid, whereas that
of southwest China has tended to be humid (Figure 1b). Vegetation coverage is lower in
northwest China and higher in southeast China. The land-use (LUCC) types are mainly
grassland and forest, accounting for >55% of the total area (Figure 1e).
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Figure 1. Main environmental characteristics of China: (a) Mean annual normalized difference vegetation index (NDVI) in
nine river basins from 1998–2017; (b) mean annual standardized precipitation–evapotranspiration index (SPEI) and its grid
point position from 1998–2017; (c) elevation; (d) slope; and (e) LUCC.

2.2. Data Sources

NDVI and LUCC data were obtained from the Resources and Environment Science and
Data Center, Chinese Academy of Sciences (http://www.resdc.cn/ (accessed on 1 March
2021)) [49–51]. The 1 km× 1 km annual NDVI spatial distribution dataset used in this study
was based on the SPOT/VEGETATION NDVI satellite remote sensing data. The dataset

http://www.resdc.cn/
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started in 1998 and was generated by the maximum value composites (MVC) method on
the basis of monthly data, which can effectively reflect the distribution and changes of
vegetation coverage on temporal and spatial scales in various regions of China [2]. LUCC
was resampled to a resolution of 1 km × 1 km, and the Clarke-1866-Albers projection
system was used. The classification standard for the LUCC type was referenced from the
Multiperiod China LUCC and Land Cover Change Remote Sensing Monitoring Data Set
(CNLUCC). According to the classification standard of CNLUCC, LUCC in China was
divided into six categories: cropland, forest, grassland, water, urban land, and unused land.

The spatial distribution data of the digital elevation model (DEM) in China were
derived from the Shuttle Radar Topography Mission (SRTM) digital elevation database of
the USGS/NASA [52]. To ensure that the spatial resolution and projection system of the
dataset were the same as those of the NDVI dataset, the dataset was resampled to a spatial
resolution of 1 km × 1 km, and the Clarke-1866-Albers projection system was adopted.
Elevation and slope data were calculated based on the DEM.

The SPEI dataset of China from 1998–2017 was derived from the global gridded dataset
of the SPEI at 12 months (SPEI base v.2.6, http://hdl.handle.net/10261/202305 (accessed
on 25 March 2021)) [53]. This dataset is based on the SPEI calculation method proposed by
Vicente-Serrano et al. [28] in 2010 and used the SPEI package of the R language to calculate
the global SPEI (http://cran.r-project.org/web/packages/SPEI (accessed on 27 March
2021)). To ensure that the spatial range, resolution, and projection system of the SPEI
dataset were the same as those of NDVI, first, the dataset was tailored based on the Chinese
vector range; second, the inverse distance weighting method was used to interpolate the
dataset to a spatial resolution of 1 km × 1 km, and finally, the projection system of this
dataset was transformed into Clarke_1866_Albers.

2.3. Methods
2.3.1. Linear Regression and Mann–Kendall (M–K) Test

We used the slope (S) of the linear regression between NDVI/SPEI (dependent vari-
able) and year (independent variable) to quantify the NDVI and SPEI trends in the study
area from 1998–2017 according to Lin et al. [7]:

S =

n×
n
∑

i=1
(i× xi)−

n
∑

i=1
i×

n
∑

i=1
xi

n×
n
∑

i=1
i2 − (

n
∑

i=1
i)

2 , (1)

where n is the number of years (20) and xi is NDVI/SPEI in year i. T-tests were used to test
whether the trend was statistically significant.

The M–K test is often used to analyze whether the trend associated with various
factors is significant, and the t-test is used to evaluate the results [54,55]. The corresponding
formulas are as follows.

Z =


S−1√

n(n−1)(2n+5)/18
for S > 0

0 for S = 0
S+1√

n(n−1)(2n+5)/18
for S < 0

, (2)

S =
n−1

∑
k=1

n

∑
j=k+1

sgn(xj − xk), (3)

sgn(xj − xk) =


+1 if (xj − xk) > 0
0 if (xj − xk) = 0
−1 if (xj − xk) < 0

, (4)

Here, the Z value indicates the NDVI/SPEI trend. When |Z| > Zα, the null hypothesis
of the trend is accepted. In this study, α = 0.01, α = 0.05, and α = 0.1 were defined as the
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given significance levels, and |Z|−α/2 was equal to 2.58, 1.96, and 1.64, respectively [47,56].
S is the Kendall sum statistic, and xj and xk are the parameter values at time j and k,
respectively. Based on the NDVI and SPEI trends, they were further divided into nine
levels, as detailed in Table 1.

Table 1. Index classification.

Data Type Class Description S |Z|

NDVI/SPEI

1 Extremely significant improvement/Extremely significant wetting

>0

>2.58
2 Significant improvement/Significant wetting >1.96
3 Weakly significant improvement/Weakly significant wetting >1.64
4 Insignificant improvement/Insignificant wetting ≤1.64

5 Extremely significant degradation/Extremely significant drought

<0

>2.58
6 Significant degradation/Significant drought >1.96
7 Weakly significant degradation/Weakly significant drought >1.64
8 Insignificant degradation/Insignificant drought ≤1.64

9 Unchanged =0 -

2.3.2. Correlation Analysis Model

The correlation coefficient between the NDVI and SPEI was statistically significant. In
this study, we determined whether there was a correlation between two variables in each
pixel or in the magnitude of the correlation [7]. The corresponding formula is as follows:

Rxy =

n
∑

i=1
[(xi − x)(yi − y)]√

n
∑

i=1
(xi − x)2 n

∑
i=1

(yi − y)2
, (5)

where Rxy represents the correlation coefficient between the SPEI variable and variable
NDVI; xi is the value of the variable SPEI in year i; yi represents the value of the variable
NDVI in year i; and x and y represent the mean value of the variable SPEI and the variable
NDVI, respectively. The correlation test used a t-test to determine the significance, and
the results were divided into four categories: extremely significant (p ≤ 0.01), significant
(0.01 < p ≤ 0.05), weakly significant (0.05 < p ≤ 0.1), and insignificant (p > 0.1) grade.

2.3.3. SPEI

The SPEI is based on the climatic water balance, which is the difference between
precipitation and potential evapotranspiration (PET, i.e., the amount of transpiration and
evaporation under sufficient water). In this study, the Thornthwaite equation was used to
calculate PET [57]. The calculated D values were aggregated at various time scales [58],
according to the following formula:

Dk
n =

k−1

∑
i=0

(Pn−i − PETn−i) if n ≥ k , (6)

where k (months) is the time scale of the aggregation and n is the calculation number.
According to Vicente-Serrano et al. [28], the log-logistic probability distribution func-

tion is fitted to other data because it is very suitable for all time scales. This research
followed the classical approximation of Abramowitz and Stegun to calculate SPEI [59],
which was calculated as follows:

SPEI = W − C0 + C1W + C2W2

1 + d1W + d2W2 + d3W3 , (7)
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where the constants are C0 = 2.516, C1 = 0.803, C2 = 0.010, d1 = 1.433, d2 = 0.189, and
d3 = 0.001; and W is the soil–water balance.

According to the “Meteorological Drought Grades” issued by the National Climate
Center of China in 2006, the SPEI value was divided into nine grades, as shown in Table 2.

Table 2. Categorization according to the SPEI values.

SPEI Value Category SPEI Value Category SPEI Value Category

>2.0 Extremely wet 0.5 to 1.0 Lightly wet −1.5 to −1.0 Moderate drought
1.5 to 2.0 Severely wet −0.5 to 0.5 Normal −2.0 to −1.5 Severe drought
1.0 to 1.5 Moderately wet −1.0 to −0.5 Light drought <−2.0 Extreme drought

3. Results
3.1. Response of NDVI Change to Climate Change
3.1.1. Spatiotemporal NDVI and SPEI Variations

During the period from 1998–2017, the mean annual NDVI across China ranged from
0.483–0.547 and increased significantly (p < 0.01) at a rate of 0.003 year−1 (Figure 2a). From
1998–2017, the interannual variation of NDVI showed three acceleration periods: 2000–2003,
2009–2013, and 2015–2017, with increase rates of 5.05%, 6.23%, and 3.02%, respectively.
From 1998–2017, the NDVI declined in some years; however, the declines were relatively
insignificant. For example, NDVI decreased by 2.03%, 2.18%, and 2.12% in 1998–2000,
2008–2009, and 2013–2015, respectively. These results indicate that the vegetation cover in
China showed a very significant recovery trend from 1998–2017.
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Figure 2. Variations in the (a) NDVI and (b) SPEI in China from 1997–2017.

The mean annual SPEI for the whole of China fluctuated between −0.94 and 0.46
during 1998–2017 and decreased at a rate of 0.008 year−1 (Figure 2b). A given threshold
level of ±0.5% was obtained according to the SPEI categorization standard, which was
used to distinguish wet, drought, and normal conditions. From 1998–2017, 30% of the
years had an SPEI of <−0.5, showing moderate drought. The drought period was mainly
concentrated in 2005–2010, and most years had moderate conditions (66.67%); 2007 was
the driest year in the past 20 years. These results suggest that China is developing toward
aridification; however, the trend was not significant (p > 0.1).

From 1998–2017, the annual change trend of NDVI in China ranged from −0.47 to
0.52/10 years (Figure 3a), 71.02% of the regions showed an upward trend, and 22.97%
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(mainly distributed in densely populated coastal areas and CB) exhibited a downward
trend. According to the significance test (Figure 3b), 55.96% of the regional annual NDVI in
China showed a significant upward trend in the 90% confidence interval, and only 8.93%
of the regional annual NDVI showed a significant decreasing trend (|Z| > 1.64), indicating
that vegetation coverage in China improved significantly from 1998–2017.
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From 1998–2017, the annual change trend of SPEI in China ranged from −1.22 to
1.47/10 years, with an increasing trend in 34.92% of the regions and a decreasing trend
in 65.08% of the regions, indicating that the arid area in China was much larger than the
humid area in 1998–2017 (Figure 3c). In China, 91.23% of the regions showed insignificant
changes in SPEI, and regions with insignificant increases and decreases accounted for
31.34% and 59.89%, respectively (Figure 3d). This indicates that there was a trend of
aridity in most areas of China over the past two decades; however, the overall trend was
insignificant.

Comparison of NDVI changes in the nine river basins of China (Figure 4a) showed that
the basins with the most obvious vegetation restoration decreased in the following order:
PRB > SLRB > YRB > YARB > SER > HRB > SWR > HURB > CB. In the PRB, 93.13% of
the regions showed an upward trend in NDVI, among which 78.08% showed a significant
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upward trend (|Z| > 2.58) and 6.45% showed an insignificant upward trend (|Z| < 1.64).
In the SLRB, 91.76% of the regions showed an upward trend in NDVI, and 68.42%, 9.10%,
3.15%, and 11.09% showed an extremely significant, significant, weakly significant, and
insignificant increase in NDVI, respectively. The CB had the lowest vegetation restoration
(46.13%), and only 21.61% of the regions had a significant increasing trend (|Z| > 1.64).
In addition, 13.77% of the NDVI had no change over the past two decades. These results
indicate that there are some differences in the overall vegetation restoration in China.
Vegetation restoration in the central and eastern regions showed a significant trend, among
which the vegetation restoration in the HURB was relatively poor, with an increasing trend
of NDVI in only 77.34% of the regions. Vegetation degradation in the northwest region
showed an insignificant trend, especially in the CB.
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According to the comparison of the changes in SPEI in the nine basins in China
(Figure 4b), the SPEI in the SWR increased significantly in 21.85% of the regions (|Z| > 1.64)
and decreased significantly in 12.12% of the regions, indicating that the whole basin was
developing toward wetter conditions. In the CB and HURB, 50.04% and 52.74% of the
regions showed a decreasing trend in SPEI, and an extremely significant increase was
observed in <0.5% of the regions in the two basins, indicating minimal overall climate
change in the basin. In the SLRB, YRB, HRB, PRB, SER, and YARB, there were 99.07%,
98.88%, 98.58%, 95.74%, 79.26%, and 64.04%, respectively, of the regional SPEI showing a
decreasing trend. These results show that China as a whole is developing toward aridity;
however, there are certain differences in wet–dry climate changes in different basins. For
example, the southwest region is overall developing toward wetter conditions, especially
in the SWR; in the northwest region, climate change is relatively small, especially in the CB;
and in the central and eastern regions, the overall tendency is toward drought.

3.1.2. Correlation Analysis between NDVI and SPEI

The spatial distribution range of the correlation coefficient between the annual NDVI
and annual SPEI in China was −0.86 to 0.88 (Figure 5a), and 47.17% and 52.83% of regions
had positive and negative correlations, respectively (Figure 5b). Among them, the SWR,
HURB, CB, and HRB were mainly positively correlated, and the area percentages were
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71.37%, 59.07%, 55.36%, and 51.87%, respectively. The SLRB, PRB, YARB, YRB, and SER
were mainly negatively correlated, and the area percentages were 77.15%, 70.24%, 58.05%,
57.29%, and 53.82%, respectively. In addition, 5.21% and 4.80% of regions had significant
positive and negative correlations (p < 0.1), respectively, in China. Among them, the regions
with significant positive correlation (p < 0.1) were mainly distributed in the SWR (14.19%),
HRB (12.78%), and HURB (9.33%). The regions with significant negative correlation were
mainly distributed in the SLRB (12.55%). In summary, in most areas of China in the past
20 years, SPEI has shown an insignificant decreasing trend with the increase in NDVI;
however, the proportion of the area with a significant positive (p < 0.1) correlation between
NDVI and SPEI was greater than the proportion of the area with a significant negative
correlation. According to Figure 3, it can be considered that areas with good vegetation
restoration or frequent human activities tended to develop toward aridification; i.e., SPEI
showed a downward trend. In areas with degraded vegetation or complex terrain and
higher elevations, SPEI tended to develop toward humidification; i.e., SPEI showed an
upward trend. This indicates that vegetation restoration will aggravate drought in the
study region to a certain extent.
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3.2. Impact of Human Activities on NDVI

From 2000–2020, LUCC in China underwent significant changes; the area of each
LUCC type decreased in the following order: grassland > forest > unused land > cropland >
water > urban land (Figure 6a). In the past two decades, the area of grassland and cropland
in China decreased by 0.88% and 9.94%, respectively. Forest, water, urban land, and
unused land areas increased by 0.87%, 9.41%, 56.55%, and 9.51%, respectively. As shown in
Figure 6b, the mean annual NDVI values of each LUCC type in China decreased as forest
(0.787) > cropland (0.724) > urban land (0.634) > grassland (0.427) > water (0.380) > unused
land (0.161). Since 2000, the mean annual NDVI values of cropland, forest, grassland, and
water increased to 0.068, 0.092, 0.038, and 0.056, respectively; however, the NDVI values of
urban land and unused land decreased to 0.018 and 0.007, respectively. In addition, the
NDVI values of cropland and forest showed increasing trends from 2000–2015. The NDVI
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values of grassland, water, urban land, and unused land all reached their maximum values
(i.e., 0.441, 0.408, 0.659, and 0.180, respectively) in 2010.
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NDVI change corresponding to different LUCC types (in 2000, 2005, 2010, and 2015).

In general, LUCC types in China have undergone major changes to a certain ex-
tent [60]. Human activities have affected vegetation cover in China in both directions
(destruction and restoration). In the past two decades, the increase in the area of forest in
China promoted vegetation restoration, resulting in a significant increase in the NDVI of
these regions; however, the increase in the area of urban land and unused land hindered
vegetation restoration [61], resulting in a decrease in the NDVI of these regions.

As shown in Figure 7, the fourth NDVI category (0.75–1) accounted for the largest
proportions of cropland and forest (i.e., 54.73% and 79.87%, respectively), followed by
the third NDVI category (0.5–0.75), which accounted for 38.70% and 17.88%, respectively.
The first NDVI category (0–0.25) accounted for the largest proportions of grassland, water,
and unused land (i.e., 35.05%, 46.85%, and 84.02%, respectively). In urban land, the third
(0.5–0.75) and fourth (0.75–1) NDVI categories accounted for 78.29%; the fourth NDVI
category accounted for the largest proportion (45.35%).

In addition, there were certain differences in the correlation between NDVI and SPEI
for various LUCC types at different coverage levels. In terms of the correlation ranges
between NDVI and SPEI, cropland, forest, grassland, water, urban land, and unused land
all had the largest distribution ranges in the third NDVI category (0.5–0.75), which were
−0.744 to 0.865, −0.739 to 0.817, −0.694 to 0.829, −0.777 to 0.821, −0.739 to 0.883, and
−0.705 to 0.789, respectively. In terms of the proportions of correlated areas, cropland,
forest, grassland, water, and urban land accounted for the largest proportions of positive
correlations between NDVI and SPEI in the second NDVI category (0.25–0.5), which were
62.55%, 60.84%, 61.09%, 54.06%, and 63.58%, respectively. In the first NDVI category
(0–0.25), unused land accounted for the largest proportion (i.e., 54.24%) of the positive
correlation between NDVI and SPEI. Cropland, forest, grassland, water, urban land, and
unused land accounted for the largest proportions of negatively correlated areas in the
fourth NDVI category (0.5–0.75), which were 68.11%, 62.83%, 66.40%, 67.93%, 57.52%, and
84.92%, respectively (Figure 7).
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Figure 7. Correlations between different NDVI levels and SPEI under different vegetation types: (a) cropland; (b) forest;
(c) grassland; (d) water; (e) urban land; and (f) unused land.

In general, when the degree of vegetation coverage was low, NDVI and SPEI were
positively correlated overall; i.e., humidification promoted vegetation growth. Based on the
spatial relationship between the NDVI value of vegetation and precipitation in northern
Xinjiang, Liu et al. [62] studied the response of low-coverage vegetation to the temporal
distribution pattern of precipitation in this area, and the results show that when the
amount of precipitation is low, the vegetation tends to degenerate. This result is somewhat
similar to the results of this study. When the vegetation cover degree was high, NDVI
and SPEI were negatively correlated; i.e., aridification promoted vegetation growth [63].
Guo et al. [64] studied the response of vegetation with high coverage to precipitation and
temperature in China’s Qilian Mountain Nature Reserve, and the results show that there is
a significant positive correlation between NDVI and temperature on an annual scale. This
result is completely consistent with the results of this study on the NDVI of high-coverage
vegetation with climate change.
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3.3. Effects of Topography on NDVI

The terrain in China is higher in the west and lower in the east, with the highest
elevation reaching 8405 m. High-altitude areas are mainly distributed in the Qinghai–
Tibet Plateau, and low-altitude areas are mainly distributed in the eastern coastal area
(Figure 1c). The elevation is mainly from 0–2400 m, and the proportion of the area within
this elevation range reaches 70.38% of the entire study area (Figure 8a). NDVI values varied
with different elevation zones. At elevations < 400 m, NDVI values increased rapidly with
the increase in elevation and reached a maximum of 0.75 at the 200–400 m elevation zone.
With elevation between 400 and 1400 m, NDVI values showed a rapid downward trend,
and the first minimum point of NDVI values was 0.75 (at the 1200–1400 m elevation zone).
With elevation between 1400 and 3800 m, NDVI values fluctuated between 0.35 and 0.59,
and the second minimum point of NDVI values was 0.36 (at elevations 2600–2800 m). At
elevations > 3800 m, the NDVI values decreased rapidly with an increase in elevation, and
when elevation exceeded 5800 m, the NDVI values were extremely small, i.e., close to 0.1.
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200–400 m, . . . , 5800–6000 m, respectively; 32 indicates that the elevation is > 6000 m); and (b) relationship between NDVI
and slope in China (1–35 represent the slope zones 0◦–1◦, 1◦–2◦, 2◦–3◦, . . . , 34◦–35◦, respectively; 36 denotes a slope > 35◦).

The slope in China is dominated by areas < 10◦, accounting for 90.92% of the total
area, mainly in the north and middle east (Figure 1d). The NDVI value presents a bimodal
curve with an increase in slope (Figure 8b). When the slope was between 0◦ and 6◦, NDVI
values increased rapidly with an increase in slope. In the 0◦–1◦ slope zone, the minimum
NDVI value was 0.458. In the 5◦–6◦ slope zone, NDVI values reached a maximum value of
0.587. When the slope was between 6◦ and 30◦, the NDVI values were from 0.566–0.603,
showing a fluctuating and increasing trend. When the slope was >30◦, the NDVI values
gradually decreased with an increase in the slope, especially when the slope was >35◦, and
rapidly decreased to 0.513.

Through the grid, a scatter plot of the correlation between the NDVI and SPEI in
China with elevation and slope from 1998–2017 was constructed (Figure 9). According to
our research, when the elevation was <6000 m, the correlation coefficient between NDVI
and SPEI fluctuated at a rate of 0.001 as the elevation increased. When the elevation was
between 6000 and 8000 m, the correlation coefficient between NDVI and SPEI increased
significantly (p < 0.01) with elevation at a rate of 0.034. When the elevation was >8000 m,
the correlation coefficient between NDVI and SPEI decreased rapidly with increasing
elevation (Figure 9a). The results comprehensively show that with the increase in elevation,
the impact of human activities on vegetation gradually decreased, especially at elevations
from 6000–8000 m. However, when the elevation exceeded 8000 m, the plateau and
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mountain areas were covered with snow and ice all year round, the climate was cold, and
the vegetation coverage rate was low. Hence, short-term and small-scale climate change
has had less impact on high-altitude vegetation.
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When the slope was <30◦, the correlation coefficient of NDVI and SPEI increased at
a rate of 0.003 with an increase in the slope. When the slope was 30◦–45◦, the correlation
coefficient of NDVI and SPEI increased significantly (p < 0.01) with the increase in the
slope at a rate of 0.005; when the slope was >45◦, the correlation coefficient between NDVI
and SPEI decreased rapidly with the increase in the slope (Figure 9b). Combined with
Figure 1d, in southwestern China (the Qinghai–Tibet Plateau and the middle reaches of
the YARB), the correlation between NDVI and SPEI responded significantly to changes
in slope. In the eastern coastal areas and northwestern regions (i.e., the CB, the HURB,
and the SLRB), the correlations between NDVI and SPEI did not respond significantly to
changes in slope.

4. Discussion
4.1. Impact of Climate Change on Vegetation Change

Based on grid cells, we analyzed the correlations between NDVI and SPEI in China
and found that NDVI and SPEI were significantly correlated (p < 0.1) in only 10.01% of
the regions (Figure 5). This result indicated that climate change has had minimal impact
on vegetation changes in the past two decades, and that ecological restoration projects
implemented by the Chinese government have played leading roles in vegetation changes.
However, the regions where NDVI and SPEI were significantly related were mainly con-
centrated in the Changbai Mountain, central Inner Mongolia, and central Qinghai–Tibet
Plateau (corresponding to A, B, and C, respectively, in Figure 5b). Hence, it is necessary to
explore the reasons for this phenomenon. Regions A, B, and C are all mountainous terrains
with relatively high altitudes, especially region C, which is located on the Qinghai–Tibet
Plateau with a mean elevation of >4000 m. This is consistent with our findings that the
correlation between NDVI and SPEI showed an overall increasing trend with increases
in elevation and slope (Figure 9) and indicates that as the complexity of the terrain has
increased, the influence of human activities on vegetation changes has decreased. More-
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over, there were differences in the responses of regions A, B, and C to climate change
(Figure 10). In region A, NDVI and SPEI had a very significant positive correlation as a
whole; however, NDVI and SPEI in regions B and C had a very significant negative correla-
tion as a whole. This was mainly determined by climatic conditions. Region A belongs
to the northern temperate humid continental monsoon climate zone. The mean annual
temperature in the region is between −1 and 8 ◦C, and annual precipitation is between
450 and 1100 mm. Precipitation in this region can meet the ecological water demand of
vegetation, and aridification is conducive to promoting photosynthesis, increasing net
productivity and accelerating the release of soil nutrients [65,66]. Region B is an inland arid
and semi-arid natural environment; precipitation is relatively low with annual precipitation
of 200–400 mm. Owing to low precipitation, the ecological water demand of vegetation is
often not readily met. Humidification can increase precipitation or reduce evaporation in
the region to a certain extent and ensure the ecological water demand of vegetation [67,68].
Region C belongs to the plateau climate zone. This area is characterized by strong radiation
and abundant sunshine. Humidification is conducive to improving the absorption and
transportation of soil nutrients [69,70].
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The results of this study are consistent with those of previous studies. For example,
Wang et al. [71] and Zhang et al. [72] analyzed the characteristics of vegetation and climate
change in the Changbai Mountains, and the results showed that under the combined
influence of temperature and precipitation changes, the climate in the Changbai Mountains
developed toward warming and humidification, and vegetation increased significantly.
Nanzad et al. [73] analyzed the sensitivity of vegetation changes to temperature and pre-
cipitation in Inner Mongolia, and the results showed that vegetation changes in this region
were very sensitive to temperature and precipitation, and that increases in precipitation
and decreases in temperature were more beneficial for vegetation restoration. Li et al. [74]
studied the sensitivity of the vegetation on the Qinghai–Tibet Plateau to climate change,
and the results showed that the alpine grassland on the Qinghai–Tibet Plateau is highly
sensitive to climate change, and that the central region is mainly affected by the combined
effects of radiation and temperature changes. Evidently, climate change has had an im-
mense impact on the evolution of vegetation in high-altitude areas in China. However,
the means by which to separate human activities and only consider the impact of climate
change on vegetation change is a problem that needs to be resolved in future research.
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4.2. Impact of Human Activities on Vegetation Changes

Human activities affected vegetation cover in China in the directions of both destruc-
tion and restoration. According to Figure 6, on the one hand, the ecological restoration
project has greatly increased the forest area and increased the NDVI value of cropland,
forest, grassland, and water. On the other hand, with the increase in population and
economic development, urban and unused land increased significantly [75,76], and the
NDVI values of these two LUCC types decreased. In addition, different vegetation types
have different xylem structures, rooting habits, stomatal regulation, and water utilization
strategies in different degrees of coverage; therefore, they exhibit different responses to
climate change and human activities [77]. When the degree of vegetation coverage was low,
there was a positive correlation between NDVI and SPEI overall; i.e., humidification can
promote vegetation growth, indicating that low-coverage vegetation was more sensitive to
drought. When the vegetation coverage degree was high, NDVI and SPEI were negatively
correlated; i.e., aridification can promote vegetation growth, indicating that high-coverage
vegetation has strong drought resistance (Figure 7). These findings provide a reference for
future research in other areas of the world.

Vegetation is comprehensively affected by various meteorological factors, such as
precipitation, evaporation, and temperature, and the sensitivity of various vegetation types
to different meteorological factors differs. For example, the forests and alpine grasslands of
the Qinghai–Tibet Plateau are more sensitive to temperature changes [74], and the desert
vegetation in northern China has become more sensitive to precipitation [78]. However,
the drought index only reflects the degree of the water deficit, and it is difficult to reflect
the cause of the water deficit [79]. Hence, it is necessary to combine local hydrological,
geological, and climatic conditions in future research to reveal the response mechanism of
regional vegetation evolution, especially in small areas [77]. In general, for a large area, the
correlation between NDVI and SPEI of different vegetation types revealed the response
of vegetation changes to climate change and human activities. However, for small areas,
actual local hydrogeological conditions should also be considered.

4.3. Suggestions for Vegetation Restoration

The Grain for Green Program is one of the most important engineering measures for
vegetation restoration in China in recent years. However, in the context of global warming,
China has been in a trend of aridification in the past two decades. The increase in the
forest area will undoubtedly increase the ecological water demand of vegetation, which
will bring great challenges to water resource allocation in China. Hence, the impact of
vegetation on water resources requires further study. In addition, many studies have
shown that large-scale reforestation may lead to reduced river runoff, reduced water
storage capacity, and changes in local climate conditions [80,81]. Therefore, in the process
of vegetation restoration, we should not only consider increasing the greening rate or
vegetation coverage rate, but also consider the local climate environment, hydrological
scenario, human activities, and other factors [77]. In addition to reforestation, rational
utilization of cropland (such as rotation and intercropping) and enhancement of grassland
protection (such as setting a reasonable livestock carrying capacity) can increase soil
properties, protect soil from erosion [82], and increase the NDVI values of cropland and
grassland [83,84].

Destruction of vegetation by human activities was mainly reflected in urban expan-
sion and desertification. Accelerated urbanization has led to problems such as LUCC
change [85], landscape fragmentation [86], and degradation of ecological services [87]. Fur-
ther research is needed to determine the means by which damage to vegetation during the
process of urbanization can be reduced. Numerous studies have shown that urban green
spaces can meet the needs of residents for rest and recreation to the greatest extent, improve
the quality of life of residents, and increase the coverage of urban vegetation, with strong
ecosystem service functions [88,89], such as reducing noise and air pollution, regulating
the urban climate system, and mitigating climate warming [90–92]. In addition, with global
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warming, the climate in China is gradually becoming arid, accelerating the desertification
process. Research shows that desertification has become a major environmental problem
that restricts the sustainable development of society [93,94]. More than 1 billion people and
over 100 countries worldwide are facing the threat of desertification [95]. Inner Mongolia
is located in arid and semi-arid regions, which are the most severely desertified regions in
China. According to statistics, land desertification in Inner Mongolia has developed rapidly
since the 1990s, with > 76% of the land in Inner Mongolia suffering from desertification
to varying degrees by 2017 [72,96]. To better prevent and control land desertification,
scholars have proposed a series of prevention and control measures. For example, in Inner
Mongolia, where grassland is the main area, proper grazing should be advocated, and
the grazing time should be adjusted to 15–20 d to alleviate grassland desertification [42].
In addition, the government should strengthen its guiding and supervisory role [97] and
increase investment in desertification monitoring, especially desertification early warning
monitoring [98].

5. Conclusions

This study analyzed the spatiotemporal variation of NDVI in China and its influencing
factors and explored the impact of different influencing factors on NDVI variation. The
overall vegetation coverage in China has improved significantly from 1998–2017, especially
in the PRB. From 1998–2017, the NDVI in China increased significantly (p < 0.01) at a rate
of 0.003 year−1, and NDVI change has experienced three acceleration periods (i.e., 2000–
2003, 2009–2013, and 2015–2017), each with a growth rate >3%. In the past two decades,
vegetation improved in 71.02% of the areas in China, and only 22.97% had the problem of
vegetation degradation. Climate change in China showed an insignificant drought trend.
In the past 20 years, the SPEI in China decreased at a rate of 0.008 year−1, and 30% of the
years experienced mild drought. Spatially, 39.92% of China’s regional SPEI showed an
upward trend, and 60.08% of its regional SPEI showed a downward trend. In addition,
52.83% of regional NDVI in China was negatively correlated with SPEI, especially in the
SLRB (77.15%) and PRB (70.24%).

Human activities have affected vegetation cover in China in two ways: destruction
and restoration. Destruction of vegetation by human activities is mainly reflected in
urban expansion and desertification. In the past two decades, the area of urban and
unused land increased by 56.55% and 9.51%, respectively. In addition, LUCC change
in China promoted the restoration of vegetation as a whole; the forest area increased by
approximately 20,000 km2 in the past two decades, and the NDVI values of cropland, forest,
grassland, and water increased by 0.068, 0.092, 0.038, and 0.056, respectively.

Finally, this study comprehensively discussed the influence of topography (elevation
and slope) on NDVI and its correlation with SPEI. With the increase in elevation, NDVI
values first increased, then decreased overall, and reached a maximum at the 200–400 m
elevation zone. NDVI values presented a bimodal curve with increasing slope, reaching a
maximum (0.603) in the 29◦–30◦ zone. In addition, as the elevation and slope increased,
the impact of human activities on vegetation decreased, and the correlation between NDVI
and SPEI gradually increased. Based on the results of this study, we provide suggestions
for vegetation restoration in China.

This study qualitatively analyzed the influences of climate change and human ac-
tivities on the spatiotemporal variation of NDVI vegetation and provided corresponding
support for China to carry out reforestation projects according to local conditions. However,
when studying the impact of human activities on NDVI, only LUCC was considered, and
the impact of other factors such as urbanization and desertification was not specifically
considered. This issue needs to be studied further in the future. In addition, methods to
quantitatively analyze the contribution of climate change and human activities to NDVI
change should be explored in the future.
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