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Abstract

Climate change affects the change of vegetation, and the analysis of vegetation change and its drivers in different globe cli-
mate zones is important for ecological conservation, energy balances, and climate change in different global climate zones.
Based on the vegetation leaf area index (LAI) and climate factor datasets, this paper uses an integrated empirical model
decomposition, sensitivity rate, contribution rate, and geographic detector analysis method to study the vegetation drivers
and their changes in 14 different climate zones around the globe from 1981 to 2018. The results showed that (1) Vegetation
changes were sensitive to precipitation and evapotranspiration in arid climate zones and to temperature and soil temperature
in cold climate zones. In the tundra climate zone, the sensitivity of vegetation change to temperature was higher than that
to precipitation and evapotranspiration. (2) Soil moisture has the highest contribution to vegetation change, and the areas
with absolute contribution rates over 60% account for 50.26% of the total area of global vegetation cover. The areas with
high contributions of temperature and soil temperature to the LAI are mainly distributed in the Northern Hemisphere, which
indicates that temperature has a high contribution to vegetation change in low-temperature environments. (3) The areas with
significant increasing trends for the global vegetation LAIs accounted for approximately 15.32% of the total global vegeta-
tion cover (slope > 0.01), which are mainly located in equatorial savannahs with dry winters, warm temperate climates with
dry winters, and warm temperate climates with fully humid climatic zones. (4) The LAIs were dominated by medium-high
fluctuations and sustainable increasing changes, which accounted for 61.27% and 69.34% of the total global vegetation
cover area, respectively. (5) Globally, the driving factors influencing LAI changes are specific humidity, temperature, soil
temperature, evapotranspiration, precipitation, and soil moisture in descending order, with the largest interaction effect of
specific humidity and soil moisture on LAI changes. This research provides a scientific basis for vegetation change monitor-
ing, driving mechanisms, and ecological protection in different climate regions around the globe.
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Introduction

Global greening affects climate change and the carbon
cycle, which in turn affects land-based ecosystem functions
and services (Chen et al. 2019; Zhu et al. 2016). Vegeta-
tion influences the carbon balance of terrestrial ecosystems
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through photosynthesis and respiration and regulates climate
change in different regions of the globe (Jin et al. 2017;
Zhang and Chen 2021). With the large-scale monitoring
of vegetation change emerging as a hot spot for scientific
research, the global high spatiotemporal resolution vegeta-
tion index remote sensing products have become a technical
means to monitor global vegetation changes (Sprintsin et al.
2007; Zhu et al. 2014). Various remote sensing products
already exist for monitoring vegetation change at large scales
and over long time series, such as the normalized difference
vegetation index (NDVI) and leaf area index (LAI) (Gao
et al. 2019; Liu et al. 2018).

LAI remote sensing products can accurately monitor
dynamic changes in vegetation. At present, global LAI data-
sets at different scales already exist, for example, global LAI
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datasets at 1 km, 0.05°, and 1/12 degree resolution (Kahiu
and Hanan 2018; Pascolini-Campbell et al. 2021; Xiao
et al. 2014; Xiao et al. 2016). The LAI represents the key
parameters of vegetation photosynthesis areas and canopy
structures, which directly affect the levels of solar radiation
absorption, photosynthesis, and energy exchange of plants
(Chen et al. 2016; Ge et al. 2019; Hu et al. 2021; Zhu et al.
2014). Meanwhile, the LAI is also the main input parameter
for models such as those for Earth system processes and
terrestrial biospheres (Liu et al. 2012). Therefore, analyz-
ing the spatiotemporal variation of LAI and its driving fac-
tors in different climate zones around the globe is essential
for the long-term improvement of global vegetation change
monitoring and ecosystem protection. Many researchers
have used the above-mentioned remote sensing dataset to
monitor the spatiotemporal dynamics of vegetation in long-
term series. For example, some scholars have used linear
methods to study the spatiotemporal changes of vegetation
LAI (Chen et al. 2020; Liu et al. 2010; Piao et al. 2015). In
addition, some scholars have used the ensemble empirical
mode decomposition (EEMD) method to study the nonlinear
spatiotemporal variations in vegetation (Liu et al. 2018; Yin
et al. 2017). Although the above studies can express the spa-
tiotemporal trend of LAI in the entire study area, it does not
involve the analysis of changes in LAI in different climatic
regions and the analysis of the stability and sustainability of
LAl in different climatic regions.

Vegetation growth is dominated by temperature, precipi-
tation, and radiation (Guli-Jiapaer et al. 2015, Li et al. 2019,
Liang et al. 2020). Evapotranspiration is very important in
the global hydrological water cycle and energy balance and
is an important component of ecological hydrological pro-
cesses (Birhanu et al. 2019; Niu et al. 2019). As determined
by satellite remote sensing monitoring, the vegetation LAIs
are increasing, and the main causes of global greening may
be climate change and CO, fertilization effects (Chen et al.
2019). However, global greening slows down the rate of
increase in global land surface air temperatures, which leads
to increases in evapotranspiration and negative combined
warming values (Zeng et al. 2017). Xiao and Moody (2004)
studied the correlation between the LAI and temperature
in China based on LAI and climate datasets from 1982 to
1998 and showed that temperature is the dominant factor
that determines the spatial distribution of greening in China.
Zhu et al. (2016) studied the driving factors of the LAI from
1982 to 2009 and showed that the impact of carbon diox-
ide on vegetation change was the highest among the four
driving factors. Moreover, several scholars have studied the
interactions between vegetation and drought, and between
vegetation and water use efficiency (Deng et al. 2021; Hu
et al. 2008; Li et al. 2018; Zhang et al. 2018).

The innovation of this paper lies in a more detailed
analysis of the changing trends, stability, and sustainability

of vegetation in different climate zones around the world
from 1981 to 2018. Meanwhile, the sensitivity rate of veg-
etation change to climatic factors and the contribution rate
of climatic factors to vegetation change in different cli-
matic regions were comprehensively analyzed. The main
research objectives are (1) to compare the global linear
and nonlinear spatiotemporal change trends in vegetation
cover and the spatiotemporal distributions of vegetation
cover nonlinear change types from 1981 to 2018; (2) ana-
lyze the spatial distribution characteristics of the stabil-
ity and sustainability of global vegetation and the change
trends of vegetation in different ecosystems; (3) study the
geographic distributions of the sensitivity rates of global
vegetation change to six driving factors; and 4 analyze
the geographic distributions of the contribution rates of
the six driving factors to vegetation change in different
global climate regions. This research helps us understand
the role of long-term vegetation change and its climate-
driving mechanism in global change.

Data and methods
Data

We selected vegetation LAI product data with monthly
and 0.05° resolutions, and the time range was 1981-2018
(Xiao et al. 2014). The driving factor dataset used in this
paper is provided by the Famine Early Warning Systems
Network Land Data Assimilation System Products and
includes evapotranspiration (Evap), temperature (Temp),
precipitation (Pre), specific humidity (Qair), soil moisture
(SoilMoi), and soil temperature (SoilTemp) data. This data
product covers the period from 1982 to 2018, with a spa-
tial resolution of 0.1° (McNally et al. 2017). This paper
selects the 2001-2018 land use data (MCD12C1) with a
resolution of 0.05°, including 17 land use types. Only the
areas covered by 13 vegetation types are studied in this
paper, and the full names and abbreviations of these 13
land use types in 2018 are shown in Fig. 1a. This paper
adopts the Koppen-Geiger global climate classification
(GCC) data (Kottek et al. 2006), which includes 14 climate
zones. The full names and abbreviations of these climate
zones are shown in Fig. 1b.

Methods

Based on the global LAI and driver datasets, this paper stud-
ies vegetation drivers and their changes in 14 different cli-
mate zones around the world from 1981 to 2018. The overall
technical process is shown in Fig. 2.
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Trend analysis

This article uses linear and nonlinear trend analysis methods
to analyze the global vegetation LAI change trends, and the
linear trend analyses use the Theil-Sen median method (Liu
et al. 2015). For the detailed calculation formulas, please
refer to the literature of Li et al. (2021). The nonlinear trend
analysis method uses the EEMD method, which can be used
to capture the nonlinear elements of statistical trends. This
method is an improvement of the traditional empirical mode
decomposition (EMD) method. By adding different levels of
Gaussian white noise to the original signal multiple times

@ Springer

and then conducting multiple EMDs on the composite sig-
nal, multiple groups of intrinsic mode functions (IMFs) are
obtained, and the average value is used as the final IMF
(Zhang et al. 2016). The EMD method assumes that any sig-
nal is composed of a finite number of eigenmode functions,
and the signal is decomposed into a more easily analyzed set
of several eigenmode functions and a set of residuals with
full adaptivity by EMD (Huang et al. 1998). The EEMD
calculation steps are as follows:

Gaussian white noise w(f) of equal length and unequal
amplitude is added to the original signal x(¢) to obtain a
new signal X(¢) to be decomposed:
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X(t) =x(t)+W(t) (]) Rl =Ri_] _IMFi7i=273""’n (6)

Firstly, the curve transformation of the time series sig-
nal with white noise is carried out, the local maximum
and minimum values of the frequency band signal are
extracted, and the extreme point is interpolated by the
cubic spline. Then, all the local maximum and minimum
points are linked by a curve to form the upper envelope
(ue(?)) and lower envelope (le(t)) respectively and calcu-
late the average value @, () = w of ue(t) and le().
Finally, subtract ¢,(¢) from X(¢):

X, (1) =X(®) — @,(1) (@)

Determine whether the above process can continue
based on the standard deviation (SD):

d 2
ESY [|xl () = X)) /X(Zi_])(t)] 3)
t=0

The i in formula (3) is the number of iterations. If the
SD is less than a preset threshold value, the above calcula-
tion process is stopped and the first IMF1 is calculated:

IMF1 = X(t) = X;_;(t) — ¢,() @)

The residuals of the signal X,;(t) and IMFI are
calculated:

R() = X,(t) — IMF1 5)

Repeat formula (1) and formula (5) until R, (f) becomes
a monotonic function:

Based on the above steps, the number of residuals and
IMFs separated by x(7) is obtained.

x(f) = 2 IMF () + R(?) @)
i=1

Coefficient of variation

The coefficient of variation (CV) is used to quantitatively
characterize the degree of interannual variation in the LAI:

o
CViar = = ®)
LAT

where CV, 4, represents the coefficient of variation for
each pixel of the global LAI from 1981-2018, o;,; is the
standard deviation of the LAI values, and LAI is the multi-
year average of the global LAI values from 1981 to 2018. In
this study, CV, 4; was divided into five levels: high fluctua-
tion (CV; 4> 0.5), medium-high fluctuation (0.15 <CV; 4,<
0.5), medium fluctuation (0.1 <CV,,; < 0.15), medium-low
fluctuation (0.05 < CV,4; < 0.1), and low fluctuation (CV, 4,
< 0.05).

Hurst exponent
A rescaled polar difference (R/S) analysis—based approach

was used to calculate the Hurst exponent to characterize the
interannual sustainability of the LAI. Sustainability is the
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constraint of the resource system on human beings to meet
their needs, and its internal dynamic mechanism lies in the
unity of the resource system’s internal sustainability and
external support and regulation capabilities, as well as the
synergy of various internal and external structures, func-
tions, and benefits. The purpose of calculating the sustain-
ability of global vegetation is to analyze the spatiotemporal
distribution of the sustainable utilization of global vegetation
resources. The formula is shown as follows.

Let the LAI time series {LAl}, i=1, 2, ..., n, for any
positive integer, m, define the time series:

ALAI, = LAI, - LAI,_, )

Assume that the mean series of the time series is

R 1 T
{LAI(I)} = ;Z[:lLAI(i)’T =1,2,-.,n (10)

The cumulative deviations are
Xon =30, <LAI® - LAI(,)), l<i<rt an

Calculate the range of the cumulative deviations:

msx min
Xz — X,

| << X T =120 (12)

Calculate the standard deviation:

1
. 21
Sy = [lz (LAI(i) —LAI(I)> ] ,t=1,2,---,n (13)

T i=1

Hurst index calculation:

R
(7) H

— =0 (14)
Se)

Both sides of formula (14) were taken logarithmically
and were then linearly fitted using least squares to find the
H value. In this study, the Hurst index is divided into three
types. For the details, refer to Fig. 7.

Sensitivity and contribution rates

The sensitivity rate (SR) of the vegetation LAI to the driving
factors was defined as (Sun et al. 2021; Zheng et al. 2009):

. ¥ (DF,. - ﬁ) <LAIi - m)

DF
_— *

LAI ¥ (Dpi _D_F> )

where DF; is the annual average value of the driving fac-
tors in year i, including Evap, Temp, Pre, Qaii SoilMo_i, and
SoilTemp. LAI; denotes the LAI in year i. DF and LAI are
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the mean values of the driving factors and LAIs from 1982
to 2018, respectively.

The contribution rate (CR) of the driving factors to the
vegetation LAI is defined as (Sun et al. 2021; Yin et al.
2010):

R = 2P2F  sr x 100% (16)

DF

In the formula, ADF represents the relative change in the
impact factors. CR describes the relative contributions of the
impact factors. ADF is defined as

37 X Se

ADF = nxlope

lav]

In the formula, Sen,,, represents the rate of change of
the impact factor over 37 years, and lavl represents the abso-
lute average of the impact factor. In this paper, formulas
(15-17) are used to calculate the sensitivity rate of vegeta-
tion LAI to driving factors and the contribution rate of driv-
ing factors to LAIL

x 100% a7

Geographical detector

Geographical detector is a new statistical method for detect-
ing spatial differentiation and revealing the driving factors
behind it, which is free of linear assumptions and has an
elegant form and a clear physical meaning. The technique is
based on the theory of spatial differentiation, aggregation,
and overlap to analyze the consistency of the independent
and dependent variables in the geographic layer space and is
able to quantify the effect of one or more independent vari-
ables on the dependent variable. The basic idea and principle
of the geographical detector can be found in Wang et al.
(2016). In this paper, we use geographical detector to study
the effects of Evap, Temp, Pre, Qair, SoilMoi, and SoilTemp
on vegetation change globally and in different climate zones,
and we calculate the characterization indicators of vegeta-
tion LAI growth change based on the Sen Median method
and use the geographical detector algorithm to study the
effects of drivers on LAI change trends globally and in dif-
ferent climate zones. The N symbol represents the effect of
the interaction of two independent variables on the depend-
ent variable, for example, QairnSoilMoi represents the effect
of the interaction of Qair and SoilMoi on the change in LAIL

Results
Average LAl of global vegetation

Spatial distribution of the average value of global vegeta-
tion LAI from 1981 to 2018 is shown in Fig. 3. The regions
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with high LAI multiyear average values (> 4) are concen-
trated in Af and Am climatic zones whose areas account
for 8.91% of the total area of global vegetation coverage.
This phenomenon is related to adequate climatic conditions
such as temperature, precipitation, and light in Af and Am
climatic regions. The regions with low LAI multiyear aver-
age values (< 2) are concentrated in the BW, BS, and Df
climatic zones, which account for 75.95% of the total area
of global vegetation coverage. This phenomenon is related to
the insufficient precipitation for tree growth in the BW and
BS climatic zones, and to the fact that the subsurface of the
Df climatic zone is covered by snow and ice all year round.

Global spatiotemporal vegetation changes
Global vegetation spatial change

Based on the EEMD method, the global LAI annual mean
value nonlinear spatial change trends and statistics from
1981 to 2018 were analyzed (Fig. 4a). The areas of the
global vegetation LAI that showed increasing trends
accounted for approximately 33.24% of the total area of
global vegetation coverage (slope > 0.005). Among them,
the areas showing significant growth trends account for
approximately 15.32% of the total area of global vegeta-
tion coverage (slope > 0.01) and are mainly distributed in
the Aw, Cw, and Cf climatic zones. The areas where the
global vegetation LAI shows decreasing trends account for
approximately 13.46% of the total area of global vegetation
coverage (slope < — 0.005). Among them, the areas with
significant decreasing trends account for approximately
6.53% of the total area of global vegetation coverage
(slope < — 0.01), which are scattered around the world.
The areas with insignificant change trends in the global
vegetation LAI account for approximately 53.31% of the

total area of global vegetation coverage (— 0.005 < slope
< 0.005) and are mainly distributed in the Df, BW, and BS
climatic zones. Based on the Sen and EEMD methods, the
results of analyzing the spatial distribution of the global
vegetation LAI annual mean value change trend are gen-
erally consistent (Fig. 4b). However, the area proportions
of the significant change trends of the global vegetation
LATI that were analyzed by the Sen method are less than
those determined by the EEMD method. For example, the
significant change trend area of the global vegetation LAI
from 1981 to 2018 accounted for approximately 17.17%
(less than 21.58%) of the total area of global vegetation
coverage. In contrast, the area proportion of the global
vegetation LAI with insignificant change trends was higher
than that determined by the EEMD method.

Fig. 5 shows the spatial distributions and statistics of the
nonlinear spatial change trend types of the global vegetation
LAI from 1981 to 2018. As seen from the figure, the global
vegetation LAI is dominated by a trend of increasing and
then decreasing, which occurs for approximately 38.61% of
the total area of global vegetation cover, and this trend is
distributed throughout the global vegetation coverage area.
This is followed by a decreasing and then increasing change
trend, which accounts for approximately 31.60% of the total
area of global vegetation cover and is concentrated in south-
central North America, southern South America, southern
Africa, southeast Asia, and central and northern Australia. In
addition, the proportion of the areas with monotonic change
trends in the global vegetation LAI is relatively small, and
the areas with monotonically increasing change trends and
monotonically decreasing change trends account for 22.63%
and 7.16% of the total area covered by global vegetation,
respectively. Among them, the regions with monotonically
increasing trends of the vegetation LAI were distributed
in south-central North America, northern South America,
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Fig.4 Nonlinear and linear
spatial variation trends and sta-
tistics of the global LAI annual
mean values from 1981 to 2018,
(a) 1981-2018 EEMD trend, (b)
1981-2018 Sen trend

Fig.5 Distributions and statis-
tics of nonlinear spatial change
trend types of the global LAI
annual mean values from 1981
to 2018
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central and southern Africa, southeastern and southwestern
Asia, and northern Australia.

Temporal change trends of global vegetation

Fig. 6 shows the linear and nonlinear change trends of the annual
average global vegetation LAIs from 1981 to 2018, which indi-
cates that the global vegetation LAIs exhibited an increasing
trend from 1981 to 2018. Among them, the linear change trend
(2.88 x 107 year™) is greater than the nonlinear change trend
(1.91 x 107 year™). The results of the nonlinear method show
that the annual average values of the global vegetation LAIs
showed a change trend of first increasing and then decreasing
from 1981 to 2018. The global vegetation LAI multiyear average
was 1.4307 and reached a maximum in 2000, while the annual
average LAISs fluctuated from 1.3239 to 1.5024.

Variation trends of LAl in different ecosystems

Fig. 7 shows the change trends and box diagrams of the
vegetation LAI in different ecosystems around the world
from 2001 to 2018. Evergreen broadleaf forests have the
highest multiyear average LAIs (4.7), and open shrubs
have the lowest multiyear average LAIs (0.38). Except
for the evergreen needleleaf forests, evergreen broadleaf
forests, cropland/natural vegetation mosaics, and closed
shrubland types, the LAIs for the other vegetation types
all exhibit increasing trends. Among them, permanent wet-
lands have the highest growth rate, and grasslands have
the lowest growth rate. The annual average LAI values in
different ecosystems from large to small are EBF > DBF
> MFO > ENF > WSA > SAV > DNF > CNM > CRO >
PWE > CSH > GRA > OSH.

Fig.6 Linear change trends (a)
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Stability and sustainability of global vegetation

The spatial distributions of the coefficients of variation of
the global vegetation LAI from 1981 to 2018 are shown in
Fig. 8, and the mean value of the coefficients of variation
of the LAI is 0.25. The areas with high LAI fluctuations
account for approximately 6.88% of the total area covered
by global vegetation, which is concentrated in the ET cli-
mate zone, and the rest of the areas are scattered. The areas
with medium-high LAI fluctuations accounted for approxi-
mately 61.27% of the total area of global vegetation cover
and were mainly distributed in the Df, BW, and BS climatic
zones. The areas with medium LAI fluctuations accounted
for approximately 17.07% of the total area of global vegeta-
tion cover and were concentrated in the Aw and Cw climate
zones. The areas of medium-low fluctuations and low LAI
fluctuations accounted for approximately 14.78% of the total
area of global vegetation cover and were located mainly in

Fig.8 The spatial distribution -180°

-150°W -120°W  -90° W

the Af and Am climatic zones. The spatial distribution of the
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vegetation coverage, which mainly occurred in the Dw and
Cf climate zones. In addition, the areas in which the trend
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of the vegetation LAI is difficult to determine represented
only 2.9% of the total area of global vegetation coverage,
which is scattered across the globe. The continuous degrada-
tion and vegetation status of the uncertain areas need further
investigation.

Vegetation drivers

Fig. 10 shows the spatial distributions of the LAI sensitivi-
ties to the driving factors from 1982 to 2018. The LAI is
highly sensitive to Evap and Pre, and the spatial distribu-
tions of the LAI sensitivities to Evap and Pre are similar,
while the spatial distributions of the LAI sensitivities to
Temp and SoilTemp are similar. The phenomenon that the
areas with high sensitivity of global vegetation LAI to
Evap and Pre are mainly concentrated in the BW and BS
climatic zones is related to the long-term arid environment
of these climatic zones. The areas with high sensitivities of
the LAI to Temp and SoilTemp were mainly concentrated
in the Df and Dw climatic zones, and this phenomenon is
related to the long-term low-temperature environments in
these climatic zones. These results indicate that vegetation

-180° -120°W -60° W 0° 60° E 120° E

180° -180°

changes are sensitive to Evap and Pre in arid climate zones
and to Temp and SoilTemp in cold climate zones. How-
ever, the sensitivity of the LAI to Qair and SoilMoi is low
in most regions of the world.

The mean statistics of the LAI to the driving factor
sensitivity rates for different climate zones globally from
1982 to 2018 are shown in Table 1. Pre is the most sensi-
tive driver of the LAl in the Af, Am, Aw, Cs, and Cw cli-
mate zones. Evap is the most sensitive driver of the LAI
in the BS, Cf, Ds, Dw, Df, and Bw climate zones. These
results indicate that the vegetation changes in tropical
and arid climate regions are most sensitive to Pre, and
the vegetation changes in other climate regions are most
sensitive to Evap. The sensitivity of the LAI to Qair is
higher than that of Evap and Pre in the ET climate zone,
which indicates that vegetation changes are more sensi-
tive to temperature changes in the tundra climate zone.
The highest sensitivities of the vegetation LAIs to Evap,
Temp, Pre, Qair, SoilMoi, and SoilTemp were 0.422 +
1.369, 0.11 + 0.281, 0.46 + 0.445, 0.168 + 0.232, 0.082
+ 0.148 and 0.13 + 0.208 in 14 global climate zones,
respectively.
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Table 1 The mean statistics of the LAISs to the driving factor sensitivity rates for different climate zones globally from 1982 to 2018

GCC Evap SoilMoi Pre Qair SoilTemp Temp

Af —0.163 +0.794 0.11 +0.281 0.429 + 1.044 0.168 + 0.232 0.056 + 0.117 0.077 £ 0.15
Am 0.092 + 0.705 0.067 + 0.258 0.246 + 0.796 0.051 + 0.222 0.082 + 0.148 0.13 + 0.208
Aw 0.184 + 0.419 0.067 + 0.192 0.221 +0.5 0.017 +0.163 0.029 £ 0.116 0.052 + 0.143
BW 0.422 + 1.369 0.071 + 0.064 0.46 + 0.445 0.121 +0.124 —0.019 + 0.368 —0.014 +0.42
BS 0.365 + 2.408 0.086 + 0.086 0.339 +0.314 0.083 + 0.085 —0.026 + 0.756 —0.021 +0.94
Cs 0.146 + 0.755 0.056 + 0.085 0.183 + 0.33 0.066 + 0.094 0.026 + 0.274 0.026 + 0.287
Cw 0.158 +0.284 0.066 + 0.153 0.195 + 0.413 0.048 + 0.173 0.016 + 0.431 0.034 + 0.353
Cf 0.127 + 0.277 0.037 +0.16 0.124 +0.382 0.079 £ 0.111 0.075 + 0.285 0.082 + 0.309
Ds 0.087 +0.172 0.02 + 0.069 0.043 +0.217 0.047 + 0.076 —0.097 + 1.71 —0.033 + 1.604
Dw 0.11 +0.236 0.016 +0.113 0.045 +0.31 0.049 + 0.104 0.007 + 3.406 0.019 + 3.165
Df 0.069 + 0.285 0.002 + 0.095 —0.017 + 0.226 0.052 + 0.086 0.044 + 2.648 —0.049 +2.843
ET 0.01 +0.076 0.004 + 0.059 —0.029 +0.109 0.044 + 0.061 —0.07 £ 0.701 —0.05 + 0.595
EF 0.166 + 0.246 0.042 +0.078 0.049 +0.185 0.113 + 0.156 0.066 + 0.183 0.068 + 0.207
Bw 0.163 +0.144 0.031 + 0.038 0.153 +0.173 0.094 + 0.08 —0.119 + 1.885 —0.138 + 0.959

The spatial distributions of the contribution rates of the
driving factors to the vegetation LAIs from 1982 to 2018 are
shown in Fig. 11. The spatial distributions of the Evap and
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to the LAI, with an area that contributes more than 60% in
absolute terms accounting for 50.26% of the total area of
global vegetation cover, which indicates the importance of
SoilMoi to vegetation growth and development. The regions
with high contribution rates of Temp and SoilTemp to the
LAI are mainly distributed in the Northern Hemisphere,
which indicates that the highest contributions from tempera-
ture to vegetation change were observed in low-temperature
environments. The regions with high contribution rates of
Qair to the LAI are distributed in central North America,
Western and Eastern Europe, Central and Southeast Asia,
and Western Australia. Relatively speaking, the contribution
rates of Evap and Pre to the LAI are generally low.
Statistics of the average contribution rate of the driving
factors of different climate zones in the global to the vegeta-
tion LAI from 1982 to 2018 (Table 2). Among the Af, Am,
Aw, BW, BS, Cs, Cw, Cf, and EF climate zones, SoilMoi has
the highest contribution rate to the vegetation LAI. Among
the Ds, Dw, Df, ET, and Bw climate zones, SoilTemp has the
highest contribution rate to the vegetation LAI These results
indicate that SoilTemp has the highest contribution to vege-
tation change in cold climate zones, SoilMoi has the highest
contribution to vegetation change in the other climate zones,
and soil environmental conditions have the highest contri-
bution to vegetation change. Among the 14 climate zones
globally, the highest contribution rates of Evap, Temp, Pre,
Qair, SoilMoi, and SoilTemp to vegetation change were 8.42
+ 60.79, 157.29 + 206.37, 2.79 + 14.4, 192.79 + 163.53,
213.74 + 227.07, and 166.34 + 253.59, respectively.

Geodetector analysis

The influence of global and different climate zone drivers
on LAI changes (Table 3). Globally, the driving factors

affecting LAI changes are Qair, Temp, SoilTemp, Evap,
Pre, and SoilMoi in descending order. The driving factors
affecting LAI changes varied among climate zones, with
Pre being the main influence factor for Aw, Cf, Ds, Df, and
Bw climate zones. Qair is the main influence factor for BW,
BS, and Cs climate zones, and SoilTemp is the main influ-
ence factor for Af, Cw, and Dw climate zones. In addition,
SoilMoi and Temp are the main influencing factors for Am
and ET climate zones, respectively.

Figure 12 shows the interaction test of the effects of
global and different climate zone drivers on LAI changes.
As shown in Table 3 and Figure 12, the combined contribu-
tion of the driving factors is significantly higher than that
of a single factor. On the global scale, QairnSoilMoi has
the strongest influence on LAI change, and this phenom-
enon also occurs in BS, Cs, and Cw climate zones. Mean-
while, in Ds, Df, and Bw climate zones, LAI changes are
mainly influenced by EvapnPre. A comprehensive analysis
of the effects of global and two-factor interactions on LAI
changes in different climate zones shows that LAI changes
are mainly influenced by EvapnPre, followed by PrenTemp,
and SoilTempNnTemp has the weakest effect on LAI changes.

Discussion
Vegetation changes and driving factors

The global vegetation cover is also changing rapidly due
to global change, which thus affects ecosystem functions
and services (Zhu et al. 2016). The high-value regions
of the global vegetation LAI described in “Average LAI
of global vegetation” are mainly distributed in northern
South America, central Africa, and southeastern Asia,

Table 2 Statistics of the average values of the contribution rates of the driving factors of different climate zones to the vegetation LAI

GCC Evap SoilMoi Pre Qair SoilTemp Temp

Af 0.74 +15.35 63.26 + 152.46 045+ 1.81 19.29 + 36.33 1.01 £ 4.64 1.81 £9.34

Am 091 +19.91 73.71 £ 184.39 0.21 £ 0.67 7.16 £ 39.75 1.64 + 4.61 337+11.21
Aw 0.42 +13.35 116.75 + 221.13 0.16 £ 0.78 8.13 £ 26.19 0.94 +3.73 1.72 + 8.78

BW 5.15+£35.39 91.79 + 165.94 279 £ 144 51.96 +77.77 4.95 +59.16 5.16 £ 63.2

BS 8.42 +60.79 99.99 + 214.67 0.86 + 3.07 32.09 + 63.21 20.73 £ 110.92 25.64 + 116.65
Cs 2.08 £31.12 34.89 + 155.79 0.11 £ 1.94 25.38 +48.83 7.27 £ 50.77 8.86 + 54.43
Cw 0.23 +£2.95 110.13 + 205.59 0.27 £ 0.84 14.14 £ 62.12 9.01 + 64.67 10.08 + 64.7

Cf 032+9.38 68.88 + 189.88 013+ 1.11 15.48 + 37.47 12.75 £ 57 12.48 + 56.97
Ds 0.5 +2.38 38.77 + 150.01 0.27 £ 1.47 37.5 + 66.67 163.08 + 245.33 127.7 + 215.15
Dw 0.08 +2.41 37.26 + 190.1 0.09 + 1.06 29.08 +91.52 207.58 + 269.37 166.34 + 253.59
Df 0.25 +5.94 28.1 + 149.67 0.09 +0.51 30.93 + 54.7 201.7 + 254.83 154.78 +234.45
ET 0.06 +0.49 40.4 £165.8 0.05 +0.33 432 +76.8 48.63 +129.32 21.49 + 82

EF 0.66 + 1.04 157.29 + 206.37 0.11 £0.43 110.85 + 125.55 60.52 + 123.18 46.5 +£95.42
Bw 2.55 +3.82 104.78 + 120.47 1.48 +1.86 192.79 + 163.53 213.74 + 227.07 145.18 + 196.5
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Table 3 Effects of global and

. . . GCC Evap Pre Qair SoilMoi SoilTemp Temp
different climate zone drivers on
LAT changes Global 0.0107 0.0052 0.0146 0.0013 0.0124 0.0128
Af 0.0000 0.0006 0.0000 0.0004 0.0007 0.0003
Am 0.0011 0.0119 0.0018 0.0130 0.0109 0.0025
Aw 0.0040 0.0069 0.0009 0.0026 0.0001 0.0005
BW 0.0121 0.0224 0.0320 0.0009 0.0198 0.0175
BS 0.0619 0.0219 0.0893 0.0055 0.0607 0.0621
Cs 0.0253 0.0090 0.0664 0.0075 0.0388 0.0375
Cw 0.0016 0.0048 0.0022 0.0036 0.0081 0.0075
Cf 0.0097 0.0118 0.0073 0.0060 0.0078 0.0080
Ds 0.0065 0.1103 0.0376 0.1058 0.0810 0.0996
Dw 0.0166 0.0236 0.0318 0.0147 0.0621 0.0601
Df 0.0011 0.0024 0.0004 0.0020 0.0002 0.0001
ET 0.1102 0.0385 0.0824 0.0233 0.0751 0.1361
Bw 0.2118 0.6216 0.4487 0.5523 0.1771 0.0724
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Fig. 12 Interaction detection of the effects of global and different climate zone drivers on LAI changes

which are basically consistent with the results of previous
studies on the spatial distributions of the global vegeta-
tion LAI (Liu et al. 2010; Zhu et al. 2016). The vegetation
distributions respond to climatic, natural, geographic, and
anthropogenic factors, which result in significant differ-
ences in the global spatial trends of vegetation cover. In
“Global vegetation spatial change” of this study, the area
percentage with an increasing trend of global vegetation is
generally consistent with the results of Li and Qu (2019).
Liu et al. (2013) analyzed the spatiotemporal distributions
of the coefficients of variation for the NDVI for global
vegetation from 1982 to 2006, which showed relatively
low CV values in most areas, which are somewhat differ-
ent from the findings of this paper that the area was domi-
nated by medium-high fluctuations in vegetation, and these
differences in the NDVI and LAI analyses were confirmed
in the literature results reported by Yuan et al. (2021). The

@ Springer

above analysis shows that the results from this study are
generally consistent with those of previous studies.

Land use change, climate change, and biogeochemis-
try have long-term effects on global vegetation changes
(Wang et al. 2014). However, the mutual influence between
the driving factors and vegetation change trends causes
the responses of vegetation changes in different regions to
the driving factors to be different (Liang et al. 2020, Niu
et al. 2019). For example, in ecologically fragile areas, pre-
cipitation and temperature are the main factors that affect
vegetation growth (Hu et al. 2021). In humid regions, the
contribution rate of vegetation change to soil moisture is
— 40.21% (Feng 2016). In evergreen broad-leaved forests
and the tropical savannas in Africa, vegetation growth is
most sensitive to precipitation and temperature (Li et al.
2019). However, for all vegetation types, there is a lag of
more than 1 month for the influence of radiation on global
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vegetation growth. This was also the starting point for this
article to study the sensitivities and contributions among
vegetation and the influencing factors from 14 climate zones
around the world. In addition, previous studies focused more
on the spatiotemporal variation of vegetation in the entire
study area and its correlation with climatic factors, but they
did not quantitatively analyze the spatiotemporal variation
and driving factors of vegetation in different climatic subre-
gions. Therefore, this study is important for a comprehensive
analysis of the spatiotemporal variation of vegetation and its
drivers in different climatic zones.

In addition, some scholars have also studied the sensi-
tivity rates of climate factors to global vegetation by using
different methods. For example, Chen et al. (2021) used long
short-term memory to study the sensitivity of the NDVI to
temperature and precipitation and showed that the NDVTI is
highly sensitive to temperature in the Northern Hemisphere,
while it is highly sensitive to precipitation in the Southern
Hemisphere. Yuan et al. (2021) used principal component
regression to study the sensitivity rate of vegetation change
to temperature and showed that most of the areas with high-
temperature sensitivity rates of vegetation change were
distributed in the Northern Hemisphere. Quetin and Swann
(2017) used least squares regression to analyze the sensitiv-
ity of the NDVI to precipitation and showed that the sensi-
tivity of vegetation to precipitation in the Northern Hemi-
sphere is mainly negative, and the sensitivity of vegetation to
precipitation in the Southern Hemisphere is mainly positive.
By summarizing the above research results, we can see that
their research results are more consistent with the analysis
results shown in Figure 10 of this paper. In addition, when
studying the drivers of vegetation change, we more com-
prehensively quantified the sensitivity of vegetation change
to climate factors and the contribution of climate factors to
vegetation change in different climate zones.

It can be seen that the LAI has the highest sensitivity rate
to Evap and Pre, but the contribution rate of Evap and Pre
to the LAI is very low. SoilMoi has the highest contribution
rate to the LAI, but the LAI sensitivity rate to SoilMoi is not
the highest. This phenomenon shows that vegetation change
is not positively correlated with the sensitivity rates or con-
tribution rates of the driving factors, and this phenomenon
is also reported in Sun et al. (2021).

Shortcomings and prospects

This paper comprehensively analyzes the vegetation driv-
ing factors and their changes in 14 different climate regions
around the world from 1981 to 2018, but there are still some
shortcomings. First, the remote sensing inversion product
data used in this paper may have accuracy limitations and
uncertainties due to factors such as land cover types and
raster accuracy sizes (Guli-Jiapaer et al. 2015). Therefore,

in future research, we can use remote sensing data products
with higher precision to produce more accurate analysis
results. Second, in this paper, only the six drivers of vegeta-
tion change were used for the analysis; however, vegetation
change also has some responses to other influencing factors.
For example, factors such as CO, fertilization (Piao et al.
2013), radiation (Piao et al. 2013), and anthropogenic (Chen
et al. 2020) can also have impacts on vegetation change.
Therefore, comprehensive consideration of the impacts of
the driving factors on vegetation changes still needs fur-
ther improvement. Third, this paper analyzes the impact of
6 influencing factors in different climate zones on the veg-
etation changes by using the Képpen Global Climate Clas-
sification. However, for the same climate zone, whether the
responses of different continental vegetation changes to the
driving factors are consistent is a question that needs to be
considered in future research.

Conclusions

This paper examines the vegetation drivers and their changes
in 14 different climatic zones across the globe from 1981 to
2018. The results show that (1) the global vegetation LAI is
dominated by an increasing and then decreasing trend, which
accounts for approximately 38.61% of the total global veg-
etation cover area. The global vegetation LAI increased lin-
early from 1981 to 2018 (2.88 x 10~ year™) and was greater
than the nonlinear growth trend (1.91 X 1073 year ™). (2) The
global vegetation LAI is dominated by medium-high fluctua-
tions and sustainable increasing changes, which account for
61.27% and 69.34% of the total area of global vegetation
cover, respectively. The annual average values of the LAI
in different ecosystems, from large to small, are EBF, DBF,
MFO, ENF, WSA, SAV, DNF, CNM, CRO, PWE, CSH,
GRA, and OSH. (3) The sensitivity rates of global vegeta-
tion change to Evap and Pre are high, and vegetation change
is most sensitive to Pre in tropical and arid climate zones
and to Evap in the other climate zones. (4) SoilMoi had the
highest contribution rate to vegetation change, the areas with
absolute values of contribution rates over 60% accounted
for 50.26% of the total global vegetation cover, and the
temperature had a high contribution to vegetation change
in low-temperature climate zones. (5) Globally, the driving
factors influencing LAI changes are Qair, Temp, SoilTemp,
Evap, Pre, and SoilMoi in descending order, with the larg-
est interaction effect of Qair and SoilMoi on LAI changes.
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