
remote sensing  

Article

Vegetation Cover Change and Its Attribution in China from
2001 to 2018

Baohui Mu 1,2, Xiang Zhao 1,2,* , Donghai Wu 3, Xinyan Wang 4, Jiacheng Zhao 1,2, Haoyu Wang 5,
Qian Zhou 1,2 , Xiaozheng Du 6 and Naijing Liu 1,2

����������
�������

Citation: Mu, B.; Zhao, X.; Wu, D.;

Wang, X.; Zhao, J.; Wang, H.; Zhou,

Q.; Du, X.; Liu, N. Vegetation Cover

Change and Its Attribution in China

from 2001 to 2018. Remote Sens. 2021,

13, 496. https://doi.org/10.3390/

rs13030496

Academic Editors: Patrick Launeau

and Giuseppe Modica

Received: 22 December 2020

Accepted: 27 January 2021

Published: 30 January 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

1 State Key Laboratory of Remote Sensing Science, Jointly Sponsored by Beijing Normal University and
Aerospace Information Research Institute of Chinese Academy of Sciences, Faculty of Geographical Science,
Beijing Normal University, Beijing 100875, China; mubaohui@mail.bnu.edu.cn (B.M.);
zhaojiacheng@mail.bnu.edu.cn (J.Z.); qian.zhou@mail.bnu.edu.cn (Q.Z.); liunj@mail.bnu.edu.cn (N.L.)

2 Beijing Engineering Research Center for Global Land Remote Sensing Products, Institute of Remote Sensing
Science and Engineering, Faculty of Geographical Science, Beijing Normal University, Beijing 100875, China

3 Department of Ecology and Evolutionary Biology, Cornell University, Ithaca, NY 14853, USA;
dw623@cornell.edu

4 Communication and Information Center of Ministry of Emergency Management, Beijing 100013, China;
wangxinyan30@163.com

5 School of Earth and Space Sciences, Peking University, Beijing 100871, China; why0925@stu.pku.edu.cn
6 China Centre for Resources Satellite Data and Application, Beijing 100040, China; duxzheng@mail.bnu.edu.cn
* Correspondence: zhaoxiang@bnu.edu.cn; Tel.: +86-010-5880-0181

Abstract: It is confirmed that China has been greening over the last two decades. Such greening and
its driving factors are therefore significant for understanding the relationship between vegetation and
environments. However, studies on vegetation changes and attribution analyses at the national scale
are limited in China after 2000. In this study, fractional vegetation cover (FVC) data from Global Land
Surface Satellite (GLASS) was used to detect vegetation change trends from 2001 to 2018, and the
effects of CO2, temperature, shortwave radiation, precipitation, and land cover change (LCC) on FVC
changes were quantified using generalized linear models (GLM). The results showed that (1) FVC
in China increased by 14% from 2001 to 2018 with a greening rate of approximately 0.0019/year
(p < 0.01), which showed an apparent greening trend. (2) On the whole, CO2, climate-related factors,
and LCC accounted for 88% of FVC changes in China, and the drivers explained 82%, 89%, 90%,
and 89% of the FVC changes in the Qinghai–Tibet region, northwest region, northern region, and
southern region, respectively. CO2 was the major driving factor for FVC changes, accounting for 31%
of FVC changes in China, indicating that CO2 was an essential factor in vegetation growth research.
(3) The statistical results of pixels with land cover changes showed that LCC explained 12% of FVC
changes, LCC has played a relatively important role and this phenomenon may be related to the
ecological restoration projects. This study enriches the study of vegetation changes and its driving
factors, and quantitatively describes the response relationship between vegetation and its driving
factors. The results have an important significance for adjusting terrestrial ecosystem services.

Keywords: fractional vegetation cover; climate change; land cover change; vegetation change

1. Introduction

Fractional vegetation cover (FVC) was essential for characterizing vegetation [1–3],
which is originally defined as the ratio of the vertical projected area of green vegetation on
the ground [4], and vegetation in China shows a pronounced greening trend after 2000 [5].
Factors affecting the FVC change include CO2, precipitation, temperature, shortwave
radiation and land cover change (LCC), evaluating the impact and contribution of these
factors has been becoming one of the research hotspots. Some research results have
shown that climate-related factors (e.g., precipitation, temperature, and radiation) provided
favorable hydrothermal conditions for vegetation growth [6–8]. Climate warming affected
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growing period and photosynthesis, which in turn affects vegetation growth [9–13]; in
arid and semiarid regions, precipitation limited vegetation growth [14–16]; and radiation
dominated vegetation growth in rainforest areas [17]. In addition, increasing CO2 can
enhance photosynthesis, which was considered to be the dominant factor for vegetation
greening [18,19].

In China, relevant studies have researched vegetation change and its drivers in the past
few decades. It has been suggested that China has experienced climate warming [20,21],
and this warming has stimulated vegetation changes in southern China [17]. Studies have
also shown that precipitation was the main factor affecting vegetation growth in northwest-
ern and northern China [17,22], and radiation impacted vegetation in central China and the
Three-River Source Region. Moreover, increased CO2 was the main driving factor of vege-
tation change in China [19]. In addition to the climate and CO2, the driving factors related
to human activities involve land cover change (LCC) and land management, including
irrigation, fertilization, and urbanization, which also played an important role [18,23–25].
However, vegetation change studies and attribution analyses at the national scale were
limited in China after 2000.

According to whether land cover data can be used to calculate the impact of driving
factors on FVC, we divided the methods into two categories. The first category, including
correlation analysis, and partial derivative method, was not applicable to land cover
data [26–29]. The second category, including ecological model and GLM (generalized
linear models), was applicable to land cover classification [18,19,30]. In the first category,
correlation analysis and the partial derivative method generally require that each variable
has a normal joint distribution [31], and the results of correlation analysis were easily
affected by extreme values in the process [31,32]. In the second category, the ecological
model structure and parameter selection increased model usage complexity [33–35]. In
contrast, GLM provided a flexible and simple framework that can fit nonlinear regression
and was also suitable for independent variables of classified attributes or count data; the
model was also efficient [30,36–38].

The objective of this study was to quantify the FVC changes and its attribution in
China from 2001 to 2018. We first analyzed the changes in FVC based on linear regression
Furthermore, according to the FVC data from Global Land Surface Satellite (GLASS),
the meteorological data from the National Tibetan Plateau Data Center, the CO2 from
NOAA Earth System Research Laboratories, and the land cover data from the United
States National Aeronautics and Space Administration, GLM was used to quantitatively
analyze the contributions of CO2, mean precipitation, mean temperature, mean shortwave
radiation and land cover change to FVC changes.

2. Materials and Methods
2.1. Study Area

China covers a land area of about 9.63 × 106 km2 [39]. In our study, China was divided
into four areas based on factors such as temperature, and precipitation (Figure 1a): the
Qinghai–Tibet region, northwest region, northern region, and southern region [40,41]. To
highlight changes in the main land cover types, we merged 17 classifications into 6 (Table 1):
cropland, forest, grassland, water, built-up land and bare land. Cropland included crop-
lands and cropland/vegetation mosaics. Forest included evergreen needleleaf forests,
evergreen broadleaf forests, deciduous needleleaf forests, deciduous broadleaf forests,
mixed forests, closed shrublands, open shrublands, and woody savannas. Grassland
includes savannas and grasslands. Water included permanent wetlands, snow and ice.
Built-up land included urban and built-up land. Bare land includes barren or sparsely
vegetated land. The main land cover types from west to east were bare land, grassland,
cropland and forest (Figure 1a). Grassland was mainly distributed across the Qinghai–Tibet
region and northwest region; cropland was distributed across the northern region; and
forest was mainly distributed across the southern region (Figure 1b). The southern region
has the highest mean precipitation and mean temperature. The Qinghai–Tibet region had
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the highest mean shortwave radiation, and the northwest region had the lowest mean
precipitation (Figure 1c).
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Figure 1. Land cover and climate information. (a) the land cover distribution in 2018; (b) the ratio of land cover in 2018, and
changes between 2001 and 2018 in the four regions; (c) mean and standard deviation of the precipitation (green bar chart),
temperature (pink bar chart), and shortwave radiation (blue bar chart) in the four regions: Qinghai–Tibet (QT), Northwest
(NW), Northern (N), and Southern (S).

Table 1. Correspondence between 17 classes and 6 classes.

Names of 6 Classes Names of 17 Classes

Cropland Croplands
Cropland/Vegetation mosaic

Forest

Evergreen Needleleaf Forests
Evergreen Broadleaf Forests

Deciduous Needleleaf Forests
Deciduous Broadleaf Forests

Mixed Forests
Closed Shrublands
Open Shrublands
Woody Savannas

Grassland
Savannas

Grasslands

Water
Permanent Wetlands

Water
Snow and Ice

Built-up land Urban and Built-up
Bare land Barren or Sparsely Vegetated

2.2. Data Sources

GLASS products: Global Land Surface Satellite (GLASS) FVC from 2001 to 2018 was
offered by Beijing Normal University (http://glass-product.bnu.edu.cn/). The Moderate
Resolution Imaging Spectrometer (MODIS) reflectance reprocessing method proposed by
Tang et al. [42]. was used in production to generate reliable reflectance data. Then, the
general regression neural networks were used to generate global FVC products from the
preprocessed MODIS data. The spatial resolution is 0.5 km, and the temporal resolution is

http://glass-product.bnu.edu.cn/
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8 days [43,44]. The coefficient of determination (R2) and root-mean-square error (RMSE) of
this product were 0.86 and 0.087, respectively [45]. GLASS FVC has complete long time
series and global coverage data, which was suitable for characterizing vegetation greening
trends. In this study, the annual mean data were calculated based on FVC data for every
8 days.

Land cover products: The study was based on the MODIS land cover type product
(MCD12Q1) from 2001 to 2018 offered by the United States National Aeronautics and
Space Administration (NASA) (https://earthexplorer.usgs.gov) with a spatial resolution of
0.5 km and a temporal resolution of 1 year. The product includes 5 classification schemes
(IGBP: International Geosphere-Biosphere Programme, UMD: University of Maryland,
LAI: Leaf Area Index, BGC: BIOME-Biogeochemical Cycles, and PFT: Plant Functional
Types). The IGBP was used in our study, which identified 17 land cover classes [46,47].
To highlight changes in the main land cover types, we merged 17 classifications into
6 (Table 1): cropland, forest, grassland, water, built-up land, and bare land, Table 1 showed
the correspondence between 17 classes and 6 classes. 17 classes of land cover were used in
the GLM, and 6 classes of land cover were used when drawing the chart.

Climate products: Precipitation, temperature and shortwave radiation data from 2001
to 2018 were offered by the National Tibetan Plateau Data Center (http://data.tpdc.ac.cn/
en/data), and the spatial resolution of these grid data is 0.1◦ (~11 km), and the temporal
resolution is 1 year. They were produced by integrating remote sensing products, reanalysis
data sets and field station data [48,49].

CO2 dataset: CO2 data were site values from the National Cryosphere Desert Data
Center (http://www.ncdc.ac.cn) and the NOAA Earth System Research Laboratories
(ESRL) (https://www.esrl.noaa.gov/). The site from which CO2 was obtained is China
Global Atmosphere Watch Baseline Observatory Mount Waliguan (WLG), and the data
had good data quality. The CO2 used in our study was from WLG record value from 2001
to 2018 [50].

2.3. Data Preprocessing and Trend Analysis

The time resolution of FVC data was every 8 days, so there were 46 scenes in FVC
every year. By calculating the average values of these 46 scenes, we can get the annual
average value of FVC in all years. Following the overall research workflow (Figure 2),
we first analyzed the spatial and temporal changes of FVC from 2001 to 2018. Then,
nearest-neighbor resampling was used for resampling of CO2, and climate data to match
the 0.5 km spatial resolution of the land cover data on a pixel-based level. After the steps
of resampling, data with the same spatial and temporal resolution was obtained. GLM
was then established to analyze the relationship between FVC, climate data, CO2, and land
cover data from 2001 to 2018 on a per-pixel basis. Considering that many pixels consistently
remained zero value of FVC from 2001 to 2018, we calculated the standard deviation of
FVC based on the FVC data from 2001 to 2018. The pixels with a standard deviation of zero
were not involved in drawing the chart.

The following formula represents the process of calculating the mean:

Mean =
1
m ∑m

i Scenei(i = 1, 2, . . . , m), (1)

where i represents the scene number, m represents the total number of scenes. For the mean
FVC, m is 46, and for the CO2, m is 12.

https://earthexplorer.usgs.gov
http://data.tpdc.ac.cn/en/data
http://data.tpdc.ac.cn/en/data
http://www.ncdc.ac.cn
https://www.esrl.noaa.gov/
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Figure 2. The methodological workflow of the research. (a) the spatial patterns of fractional vegetation cover (FVC);
(b) the change trend of FVC from 2001 to 2018; (c) the spatial distribution and mean value of contribution in four regions:
Qinghai–Tibet, Northwest, Northern, and Southern. The full name of generalized linear models (GLM) was generalized
linear models.

FVC is the response variable, and year is the independent variable. The following
formula expressed the relationship between them:

FVC = k × Year + b, (2)

where k is the FVC change trend, representing the interannual variability of FVC, and b is
the intercept term [51]. A positive value of k indicated an increasing trend in FVC, while a
negative value indicated a decreasing trend in FVC.

The p-values of two-sided Student’s t-tests were computed to test the significance of
the trend (k). The p-value of 0.05 was the threshold to distinguish whether the pixel had
a significant temporal change [51]. According to the p-value and k value, we divided the
change of FVC into five situations: (1) k > 0 and p < 0.01: significant increase; (2) k > 0 and
0.01 < p <0.05: slight increase; (3) k < 0 and p < 0.01: significant decrease; (4) k < 0 and 0.01
< p <0.05: slight decrease; (5) p > 0.05: not significant.
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2.4. Attribution Analysis

We selected CO2, mean precipitation, mean temperature, mean shortwave radiation,
and land cover as factors. Then we used GLM to quantitatively analyze the contributions of
CO2, mean precipitation, mean temperature, mean shortwave radiation and land cover to
FVC changes. GLM provided a flexible framework for describing the relationship between
the response variable and explanatory variables [30,38]. As an intermediate function
between the linear predictor and response portions of the model, a link function g () allows
for the use of nonnormal distributions, including normal, Poisson, gamma and binomial
distributions. As such, dependent variables may be either discrete or continuous, and
explanatory variables either quantitative or categorical [37,52].

Y = g (b0 + b1 × x1 +···bm × xm), (3)

where Y called the response variable; x called explanatory variables; b called the regression
coefficients; and g ( . . . ) is a link function. All analyses were carried out in R Version 3.6.1.
Choosing a suitable model family for the specific work was the superiority of GLM over
ordinary least squares [37].

3. Results
3.1. Spatial Patterns of FVC

Mean FVC across China showed considerable spatial variation from the west to the east
and presented a flaky distribution. The land cover type in the areas with high FVC value
was mainly forest, and the FVC value increased gradually as latitude decreased, indicating
that the southern region was more suitable for forest growth. The main vegetation type
in the Inner Mongolia was grassland, and the FVC decreased gradually as the distance
from the coastline. In the northwest region, there were some areas with high FVC, and the
corresponding land cover type was cropland, which may be affected by artificial irrigation
(Figure 3a).
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The FVC of the northern and southern regions was higher, ranging from 0 to 0.8,
while the FVC in the Qinghai–Tibet and northwest regions was lower, ranging from 0 to
0.5. Part of the bare land was concentrated in the Qinghai–Tibet region and the northwest
region. The proportion of bare land in the Qinghai–Tibet region was 38.9%, and that in
the northwest region was 53.4%. The statistical results show that the ratio of FVC values
between 0 and 0.2 in the Qinghai–Tibet region and the northwest region was very large,
and the box plots and histograms of these two regions were generally similar. Cropland
was the main land cover type in the northern region, accounting for 43.6%. At the same
time, forest was the main land cover type in the southern region, accounting for 49.1%,
which made the FVC value in the northern region and the southern region higher than that
in the Qinghai–Tibet region and the northwest region (Figure 3b).

To further explore the difference in the average FVC of cropland, forest and grassland,
the pixels that consistently remained one type of land cover from 2001 to 2018 were used
for statistics. The figure indicated that there were remarkable diversities in FVC among
cropland, forest and grassland. Specifically, the forest had the highest FVC values over
China, ranging from 0.3 to 0.7, and the cropland and grassland had the lowest FVC values
in the northwest region (Figure 3c).

3.2. Trend Analysis of the Changes in FVC

FVC showed a clear increasing trend in China from 2001 to 2018. The regions with
increased significantly trend in FVC accounted for 30.31%, and the regions with decreased
significantly trend in FVC accounted for 3.38%. Increasing FVC was generally found in the
Northeast Plain, Loess Plateau, and Yunnan–Guizhou Plateau, and decreasing FVC was
generally found in the Middle-Lower Yangtze Plain (Figure 4a).
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In the statistics of Figure 4b, the annual average and standard deviation of the FVC in
the statistical area were first calculated, and then the trend of the annual average FVC was
fitted by a linear regression. Last, the consistency of the trend was tested by calculating
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the p-value of the two-sided Student’s t-test. Figure 4b showed that FVC increased by
14%, showing a significant greening trend, and the standard deviation varied between
0.23 and 0.25 from 2001 to 2018 across China. FVC values were highest in 2017 and 2018
and lowest in 2001. The FVC increase slope was approximately 0.0019/year, and FVC
decreased slightly from 0.296 in 2002 to 0.291 in 2006. After 2009, FVC in China increased
steadily, from 0.294 in 2009 to 0.322 in 2018. Generally, the increased speed and stability of
the FVC from 2001 to 2008 were lower than those from 2009 to 2018. (Figure 4b)

The purpose was to compare FVC trends among the four regions, the annual average
of the FVC was first calculated, and then the linear regression was used to obtain the trend.
The statistics presented that FVC increased rapidly in the northern region and southern
region and increased slowly in the Qinghai–Tibet region and northwest region. FVC trends
in the southern and northern regions were approximately three times than those in the
Qinghai–Tibet and northwest regions (Figure 4c).

3.3. Attribution Analysis of FVC Changes
3.3.1. Spatial Distribution of the Main Driving Factors

We calculated the contribution of driving factors to FVC change based on GLM.
Figure 5 showed the spatial distribution characteristics of the contribution of driving
factors to FVC, and Figure 5a was the R2 of GLM. Figure 6 showed the p-value of five
drivers. We also have made statistics on the contribution of the driving factors in the four
regions. The uncalculated pixels in Table 2 were pixels whose FVC was remained zero
value from 2001 to 2018. We calculated the average contribution of each driving factor in
the four regions. To highlight the contribution of land cover to FVC, we further extracted
the pixels where the land cover data changed to obtain the mean contribution of the five
driving factors in the four regions (Table 3).
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Table 2. Importance of driving factors to FVC changes in four regions, where the red color represents
a higher importance, and the blue color represents a lower importance (Unit: %).

Drivers
Regions Qinghai–

Tibet Northwest Northern Southern China

CO2 23 24 38 40 31
Precipitation 24 36 21 15 24
Temperature 18 15 16 18 17

Shortwave radiation 16 13 14 12 14
Land cover 2 1 2 4 2

Sum 82 89 90 89 88

Table 3. Statistics on the regional importance of land cover change (LCC), where the red color
represents a higher importance, and the blue color represents a lower importance (Unit: %).

Drivers
Regions Qinghai–

Tibet Northwest Northern Southern China

CO2 22 31 40 39 33
Precipitation 15 20 16 14 16
Temperature 17 16 14 16 16

Shortwave radiation 15 13 13 11 13
Land cover 15 11 10 11 12

Sum 84 91 92 91 90

The R2 of the GLM model was higher in the east and lower in the west (Figure 5a).
Areas with R2 higher than 50% were mainly distributed in north region, south region and
northwest region, especially in Inner Mongolia, Loess Plateau, Qinling Mountains, and
Yunnan–Guizhou Plateau, while areas with R2 lower than 50% were mainly distributed in
Qinghai–Tibet. At the country scale, increasing CO2 was the major driving factor for FVC
changes. At the regional scale, CO2 was critical for FVC changes in southern and northern
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regions, especially in the Loess Plateau, Qinling Mountains, and Yunnan–Guizhou Plateau.
However, CO2 had a small relatively importance in FVC changes in the eastern region of
the Inner Mongolia Plateau (Figure 5b).

Precipitation had a high importance in FVC changes in arid and semiarid areas, while
it had a small importance in the southern region (Figure 5c). FVC changes in the Qinghai–
Tibet region were mainly affected by temperature (Figure 5d), and shortwave radiation
was critical for FVC changes in the Qinghai–Tibet region and northern region (Figure 5e).
The importance of LCC was relatively low, and it was mainly concentrated in the west
North China Plain, and southern region. In areas where forest, cropland and grassland
were widely distributed, LCC has played a relatively important role (Figure 5f).

Figure 6 showed the spatial distribution of p-value. Generally speaking, the area with
a p-value less than 0.05 was regarded as the significance area. The results showed the area
of CO2 with a p-value less than 0.05 was largest, and the area of precipitation with a p-value
less than 0.05 was concentrated in arid and semi-arid areas and part of the southern region.
However, the p-value of temperature and radiation less than 0.05 were relatively scattered,
and they distributed in the southern and northern region. The number of pixels with a
p-value less than 0.05 of land cover data was very small.

3.3.2. Contribution of Major Drivers

Changes in precipitation, temperature, and shortwave radiation varied from region
to region. Precipitation increased rapidly in the northern and southern regions, and more
slowly in the Qinghai–Tibet and northwest regions. The temperature increased most
slowly in the Qinghai–Tibet region, while in other regions, the temperature increased
faster. Shortwave radiation showed an increasing trend in the Qinghai–Tibet region, and a
decreasing trend in the southern, northern and northwest regions (Figure 7). CO2 showed
an obvious increasing trend from 2001 to 2018, with a slope of 2.20 ppm/year (p < 0.01)
(Figure 8).

CO2, climate-related factors, and LCC in sum accounted for 88% of FVC changes in
China, and the importance of driving factors in the east was high, while that in the west was
relatively low. The drivers explained 82%, 89%, 90%, and 89% of the FVC changes in the
Qinghai–Tibet region, northwest region, northern region, and southern region, respectively
(Table 2).

At the country scale, CO2 was the main driver of FVC changes, accounting for 31%,
and the effect of climate-related factors on vegetation change could not be ignored, among
which precipitation, temperature and radiation accounted for 24%, 17% and 14% of FVC
changes, respectively. Mean precipitation was the main driving factor for FVC changes in
the Qinghai–Tibet region and northwest region, explaining 24% and 36% of FVC changes,
respectively. CO2 was the major driving factor for FVC changes in northern and southern
regions, explaining 38% and 40% of FVC changes, respectively. LCC played a relatively
small role, explaining 2% of FVC changes (Table 2).

To further explore the impact of LCC on FVC changes, the pixels with changes in land
cover data were used for statistics. The results showed that the importance of LCC to FVC
changes increased from 2% to 12%. At the regional scale, LCC explained 15%, 11%, 10%,
and 11% of FVC changes in the Qinghai–Tibet region, northwest region, northern region,
and southern region, respectively. CO2, precipitation, temperature, shortwave radiation
and LCC accounted for 90% of the FVC changes, an increase by 2% compared with these
statistics at a country scale (Table 3).
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4. Discussion

This study quantifies the trend of FVC in China over the past 18 years and its drivers.
The result showed that FVC showed an apparent greening in China from 2001 to 2018,
especially in south and north regions, and this result was similar to some existing re-
sults [5,17,53]. In addition to areas with significant increased, there were also some areas
where FVC was showing a decreased trend, such as southwestern and Yangtze River Delta.
Related research results indicated that decrease in vegetation in southwestern China might
be related to extreme drought [54], while the decrease in vegetation in the Yangtze River
Delta might be related to the urbanization [55].

Our study concentrated on analyzing the annual FVC changes and its attribution, thus
we calculated the annual mean of FVC, precipitation, temperature, shortwave radiation and
CO2. The annual mean of FVC has also been applied to many previous studies [29,53,56,57],
Chen et al. [53] emphasized that the advantage of the annual mean vegetation index was
that it was simple and reliable. To test the consistency of this method, we also selected
some points randomly and obtained the month mean CO2, precipitation, temperature,
shortwave radiation, and eight-day FVC value, respectively. Taking one point as example
(Figure 9), we used the linear fitting of the trend of 8-day FVC and annual FVC, and the
result showed that the trend of eight-day FVC was similar to the annual trend (Figure 9a).
Considering that the response of vegetation to different driving forces might be affected
by the seasons, we also calculated the importance of driving factors to FVC in spring
(March–May), summer (June–August), autumn (September–November), winter (December–
February), growing season (April–October) and inter-annual [58]. The results showed that
the main drivers affecting vegetation were similar during the growing season and the
inter-annual. However, the factors affecting the growth of FVC were different at different
seasons, and this difference may be caused by the seasonal characteristics of the analyzed
factors [59] (Figure 9b).
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CO2 was an important factor affecting the growth of vegetation. Related research
results showed that increasing CO2 can significantly increase vegetation productivity [60],
and CO2 was the dominant factor in the greening trend of vegetation in the northern
hemisphere [61]. Our model results suggest that CO2 was the major driving factor for
FVC changes, accounting for 31% of FVC changes in China. FVC in southern region and
northern region increased significantly (Figure 4), with CO2 accounting for 40% and 38%
of FVC changes, respectively. Statistical results also illustrated that CO2 increased greatly
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in the past 18 years (Figure 8), making CO2 the main factor affecting FVC changes. Piao’s
research also indicated the dominance of CO2, which was similar to our result [19].

Precipitation was the major factor affecting FVC changes in arid and semiarid regions
(Figure 5c). In Fensholt’s study [16], precipitation was an essential factor affecting vegeta-
tion growth in arid regions, and a similar conclusion was drawn in Zhao’s study [22]. In
addition, we have noticed that FVC was greatly affected by precipitation in the Qinghai–
Tibet region, and similar result was found in previous studies [62,63]. However, there
was also study showed that the temperature was the limiting factor in the Qinghai–Tibet
region during dry periods, while precipitation promoted vegetation growth in warm pe-
riods [64,65]. Overall, climate change played an important role in explaining vegetation
changes in the Qinghai–Tibet region, but more research was still needed to resolve this
difference [19]. In addition, relevant studies have shown that temperature was the dom-
inant factor affecting vegetation changes in high northern latitudes, and radiation was
particularly important in tropical rainforests [14].

Limited by earlier methods, such as linear regression, many studies did not directly
consider LCC, but used linear regression and residual methods to indirectly separate the
impacts of human activity and climatic factors on vegetation changes [24,66–68]. However,
the human activity obtained by this method contained other potential factors [69]. GLM
was suitable for the independent variables of classified attributes, making the results easier
to explain and more practical [36,70]. Our research results showed that in areas where land
cover changed, LCC played a relatively important role, explaining 12% of FVC changes.

Although the contributions of five factors to FVC changes were quantified, there
were still some uncertainties in this study. First, climate was closely related to human
activities. For example, climate warming might cause vegetation to turn green, and
warming was caused in part by human triggers [71]. At present, the response of vegetation
to climate-related factors and human activities was still under debate [43,70], and vegetation
has a certain time-lag effect on climatic factors [8,57]. Second, we mainly studied the
effects of CO2, climate and LCC on FVC changes; however, vegetation growth in the
ecosystem was also influenced by many other factors, including nitrogen and topographic
factors [18,19,72,73]. Third, there were some uncertainties in the importance assessment
of LCC in this study, which was mainly due to the fact that the spatial resolution of land
cover data was 0.5 km and a pixel often contained multiple surface types, which caused
mixed pixel phenomenon. Last, the response of vegetation to driving factors varied in
different seasons; therefore, we will consider the influence of seasons in the future study of
vegetation driving forces.

5. Conclusions

Vegetation status is an essential indicator in an ecosystem. Therefore, understanding
the relationship between CO2, climate change, LCC, and FVC is critical for ecosystem
conservation. In our work, we used GLM to quantitatively assess the contributions of
different factors such as CO2, mean precipitation, mean temperature, mean shortwave
radiation and LCC on FVC changes. We found the following: (1) FVC in China increased
by 14% from 2001 to 2018 with a greening rate of approximately 0.0019/year (p < 0.01),
which showing an apparent greening trend. The regions with increased significantly trend
in FVC accounted for 30.91%, and the regions with decreased significantly trend in FVC
accounted for 3.38%; (2) CO2, climatic factors, and LCC accounted for 88% of FVC changes
in China. CO2 was the major driving factor for FVC growth, accounting for 31% of FVC
changes, in contrast, precipitation, temperature, radiation and LCC accounted for 24%,
17%, 14%, and 2% of FVC changes, respectively; (3) The statistical results of pixels with
LCC showed that LCC explained 12% of FVC changes.

Based on our research, vegetation growth in China continuously improved from 2001
to 2018, and increasing CO2 was the major driving factor for FVC growth in China. In arid
and semiarid areas, it is necessary to change the way of water use and adopt drip irrigation
and other management measures to improve the vegetation growth. In addition, land cover
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change has affected the growth of vegetation to a certain extent. These findings are helpful
for understanding the relationship between environmental factors and vegetation growth.
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