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ABSTRACT. With the rapid emergence of the global greening phenomenon under remote sensing monitoring, the prevailing trend of 

phenomenon analysis and traceability research is self-evident. However, identifying characteristics is basic research of the greening phe- 

nomenon, which sometimes subverts research results. The choice of method may directly affect the difference in the greening-browning 

range, which is easily overlooked. At the same time, influenced by the regional vegetation state’s basic value, the greening contribution’s 

spatialization still needs to be further verified. Based on the enhanced vegetation index results at the global kilometer-grid scale, this re- 

search chose to use the maximum value composite and the simple average method to explore the differences in China’s characteristic 

identification process initially. While paying attention to results and phenomena, scholars’ attention to basic research needs further im- 

provement. The results show that the widely used two groups of basic methods have shown noticeable differences in greening and brown- 

ing, and are affected by human activities, climate, geographical environment, etc. And this directional error and the phenomenon of hasty 

generalization are the most easily ignored in much basic research. The vegetation information considering the inherent stock and chang- 

ing flux has quantified the greening contribution between regions. China, Brazil, and India dominate global greening, and Canada sig- 

nificantly contributes to browning. Some regions must promote the greening trend of changing flux while maintaining the inherent stock 

advantage.  
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1. Introduction 

Remote sensing data monitoring shows that the trend of 

greening has gradually improved in recent decades, and the 

greening phenomenon in the region and even the whole world 

has been reported one after another, which has attracted the at- 

tention of all parties (Bogaert et al., 2002; Piao et al., 2020). 

Among them, traceability and identification of the driving fac- 

tors have gradually become a hot spot in the greening phe- 

nomenon (Zhu et al., 2016; Parida et al., 2020; Maina et al., 

2022). And it is more practical to imitate or promote the green- 

ing model, which may be one of the important reasons. Howev- 

er, the scientific identification of the greening phenomenon or 

greening characteristics, as the theoretical basis of the above re- 

search, may subvert the results of its driving factor analysis to 

a certain extent, which is also the most easily overlooked part 

of the current research. 

The research area may not be the greening or browning as 

it appears. How to define greening? How to characterize the green- 

ing characteristics? More is reflected by the trend of regional  
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vegetation greenness proxies (Yao et al., 2019), such as leaf  

area index (Forzieri et al., 2017), vegetation index (Huete et al., 

2002; De Jong et al., 2011; Liu et al., 2015), vegetation produc- 

tion system (Zhang et al., 2008; Feng et al., 2021b), etc. Be- 

cause vegetation growth is periodic and continuous, the trend 

research process of greenness proxies is usually carried out  

over a long period. Therefore, in integrating discrete informa- 

tion, we typically construct an index variable to replace or syn- 

ergistically reflect the characteristics of statistical periods, such 

as maximum value composite (MVC) (Piao et al., 2011; Yuan 

et al., 2022), simple average method (SAM) (Propastin et al., 

2008; Chen et al., 2021), and other methods. Among them, 

MVC and SAM have commonly used methods in EVI statis- 

tical analysis, which complement each other, and each has its 

advantages and disadvantages in evaluating greening. The fea- 

ture sequence constructed based on the annual maximum can 

clearly describe the change degree of the extreme value within 

the year, the trend change is more drastic, and the spatial repre- 

sentation ability is more potent. However, because the data in- 

formation is limited to the annual maximum, the degree of dis- 

turbance is higher. The feature sequence based on the SAM av- 

erages the information within the year, which contains much 

information and is less disturbed. It is easy to cause slight data 

differences and weak spatial representation ability. The actual 

situation of vegetation greenness is easy to be ignored due to 

the lack of reasonable judgment. Under different spatial scales 
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and underlying surface types, there are apparent differences in 

the greening characteristics of various methods. For example, 

in areas affected by human activities, primarily cultivated land, 

it is unreasonable that the decline of the maximum index is con- 

sidered browning. This is more due to the adjustment of the 

planting system and crops. The change in multiple cropping re- 

duces the maximum index and also increases the overall amount 

of annual information. Using the same index to characterize the 

greening characteristics is bound to be distorted. Considering 

only the dynamic information of vegetation, it is still necessary 

to classify and integrate different topography, land cover, and 

utilization methods. 

At the same time, with the increasing attention to the glob- 

al greening phenomenon, the differences between regions and 

their impact on global greening are significant (Chen et al., 2019; 

Cortés et al., 2021). However, it is difficult to compare the con- 

tribution of greening among regions in the process of spatial 

statistics. The regional vegetation state’s basic value will affect 

global greening characteristics. Due to the influence of many 

factors such as statistical area and regional natural geograph- 

ical environment, even if it does not show a trend of greening, 

the proportion of global greening with high basic value must be 

increased, and vice versa. Although the difference in basic val- 

ues is essential, whether or not to greening and the rate of green- 

ing should also be regarded as one of the assessment indicators 

and should be reflected in different regions.  

Driven by policies, China greening impact has attracted 

world-wide attention. Ecological restoration and protection are 

considered to have made remarkable contributions (Chen et al., 

2019; Feng et al., 2021a), especially in the field of climate 

change. And objectively revealing the practice of China green- 

ing can support further actions to upgrade the construction of 

ecological civilization. There are significant spatial differences 

in vegetation characteristics in China. The revealing degree of 

a single index is open to question, the greening-browning phe- 

nomenon is still unclear, and there is no clear conclusion on the 

quantitative contribution of China to global greening. There- 

fore, this research aims to solve two critical scientific problems: 

(1) Exploring the spatio-temporal changing of dynamic vegeta- 

tion information at different methods to discriminate direction- 

al errors and boundary problems caused by method differences 

from a more comprehensive and scientific group. (2) Consider- 

ing the growth rate of greening and its differences, the contribu- 

tion of different countries such as China to global greening is 

quantified by constructing the cumulant sequence of gaps, in 

order to improve the international community’s awareness of 

the greening phenomenon, scientifically control and adapt to it. 

2. Material and Methods 

2.1. Basic Data Sources 

Basic data mainly includes the digital elevation model, 

human footprint, land cover, vegetation index, etc. (Table 1). 

Due to the difference in spatial resolution, the statistical infor- 

mation of the grid background value is extracted after overlap- 

ping data, and there may be cases where adjacent data are sim- 

ilar. In this research, the scale factor has not been used for data 

conversion in the EVI processing (EVI valid range: −3,000 ~ 

10,000, dimensionless data). 

 

2.2. Evaluation Index and Method 

2.2.1. Greening Rate 

The greening rate belongs to the trend category, which is 

consistent with the concept of slope. Positive and negative 

changes are used to distinguish greening or browning, and the 

magnitude of the slope indicates the greening rate over a period. 

Therefore, this research uses the least square method to evalu- 

ate the greening rate of feature sequences represented by SAM 

and MVC, and the calculation formula is as follows: 
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where SSi indicates the annual change of feature sequence (i = 

1, 2, …, n), and n is the total length of sequence. The feature 

sequence in this research refers to constructing 16-day discrete 

datasets in the source data into a feature sequence with an inter- 

val of years using MVC and SAM methods. 

 

2.2.2. Greening Degree 

Generally, the evaluation of a greening degree needs to have 

a reference state. Greening is an increase or decrease by a cer- 

tain percentage relative to the reference state. Therefore, this re- 

search mainly introduces the concept of a relative gradient to 

discuss the greening degree, and the calculation formula is as 

follows: 
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where ΣSSi /n (the average value of annual characteristic se- 

quence) is taken as the reference state to evaluate the greening 

degree, in order to explore the contribution degree of greening 

rate to its average value. 

 

2.3. Evaluation Method of Global Greening Contribution 

Since regional greening or browning is an ongoing event, 

the influence of basic values and trend changes in greening must 

be regarded in assessing global greening contributions. The de- 

tailed evaluation procedures are provided in the subsections 

below.  

 

2.3.1. Constructing the Cumulant Sequence of Gaps 

The cumulant sequence of gaps in different regions or glob- 

ally is constructed, and the calculation formula is as follows: 
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Table 1. Description and Sources of Basic Data 

Name Data description Source URL 

MOD13A2 Global Enhanced Vegetation Index from 2000 to 2021, time 

resolution: 16 days, spatial resolution: 1 km × 1 km 

NASA https://lpdaac.usgs.gov/products/mod1

3a2v006/ 

GlobeLand30 Global Land Cover for 2010, spatial resolution: 30 m × 30 m China https://www.webmap.cn/main.do?met

hod=index 

STRM-DEM Global Digital Elevation Model, spatial resolution: 90 m × 90 m NASA https://lpdaac.usgs.gov/products/srtmg

l1v003/ 

Human 

Footprint 

Global terrestrial Human Footprint maps for 2009, spatial 

resolution: 1 km × 1 km 

Scientific Data https://www.nature.com/articles/sdata

201667 
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where Evi indicates the basic value of the original EVI data. c 

indicates the amount of annual data available (cmax = 23, there 

are 23 remote sensing images in one year). Evic,1 indicates the 

EVI data within the first year (2001 in this research). 

 

2.3.2. Cumulative Contribution Comparison Method 

Considering the Influence of Slope 

Based on CSG, the slope of each region or globally is ob-

tained by the least square method (Equation (3)). Considering 

the slope correction of each region, the cumulative contribution 

degree is re-evaluated, and the calculation formula is as follows: 
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where c_CSG and c_slope are the contribution degree of cu- 

mulant and slope respectively. j denotes different regions. all 

indicates the global scope. The influence of region on the over- 

all change can be explained by positive and negative changes 

of c_CSG, while the increasing and decreasing trend of region 

is reflected by c_slope. When the changes are opposite, it is 

necessary to appropriately reduce the overall impact. Therefore, 

the calculation formula of regional slope correction coefficient 

(AD) and contribution degree (C) is constructed as follows: 
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_j j jC c CSG AD=   (6) 

3. Results 

3.1. Preliminary Study of Vegetation Cover 

According to MVC and SAM methods, the spatial distri- 

bution characteristics of fractional vegetation cover in China 

from 2001 to 2021 are identified (Figures 1a and 1b). The conti- 

nuity and fragmentation of spatial distribution can fully reflect 

that the fluctuation of MVC is more prominent. SAM will ho- 

mogenize the information within the year, and the change in 

vegetation cover is slight. For example, although MVC shows 

a higher vegetation cover, the northwest in China still belongs 

to the form of low vegetation cover. Northeast and Southwest 

in China are worthy of attention, and some show a high cover 

trend similar to that of the South in MVC identification. Still, 

the spatial continuity of patches changes obviously after aver- 

aging and grading. After comparison, it is evident that the effect 

presented by SAM is closer to the actual well-known situation. 

The unified treatment with MVC or SAM is often regarded as 

a pretreatment method for greening analysis. However, it is still 

one-sided in the scientific identification of regional greening 

characteristics. Therefore, it is necessary to initially explore 

this differentiation from the research between different meth- 

ods and judge the greening characteristics on a more compre- 

hensive and scientific level. 

 

3.2. Difference of Greening Rate 

It is historicity that large-scale greening has been observed 

across China in recent decades. According to two groups of in- 

dicators (Figures 2a and 2b), the overall character of vegetation 

in China is greening (Greening rate based on SAM: 1.37%/10yr. 

Greening rate based on MVC: 2.09%/10yr). The proportion of 

greening area in China is significant, but the trend of MVC 

changes more sharply in extreme cases (the red box of Figure 

3a). Because of the particularity shown by the above MVC 

method, the corresponding units in Figure 3a are extracted with 

the EVI greening rate greater than 50/yr and the continuous 

area exceeding 100 km2 as constraints, which are primarily lo- 

cated in northeastern (region 3), central (region 4), and north- 

western (region 5) in China. Further, the corresponding units in 

Figure 3a are extracted with the EVI greening rate less than 

−10/yr and the continuous area exceeding 100 km2 as con- 

straints. And the region’s location is mainly in the Huang-Huai-

Hai Plain. Among them, region 1 represents a sharp contrast be- 

tween greening (Presented by SAM) and browning (Presented 

by MVC), and region 2 represents the region with similar trends 

of the two methods. Regions 3, 4, and 5 indicate the characteris- 

tic regions where the greening rate of EVI is greater than 50/yr 

(Feng et al., 2021a). The annual variation of EVI in this region 

is unimodal (Using a logistic model to calculate the phenological 

characteristics of EVI after SG filtering (Zhang et al., 2003)), 
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Figure 1. Spatial distribution of fractional vegetation cover based on (a) MVC and (b) SAM. The calculation of fractional 

vegetation cover is mainly carried out using normalization (Ding et al., 2016), in which the minimum and maximum values of 

EVI corresponding to the cumulative frequency of 1% and 99% are selected, respectively. The fractional vegetation cover is 

represented by 0 ~ 1. The black circles refer to regions with significant differences. 

 

 
 

Figure 2. Greening rate and regional characteristics based on (a) MVC and (b) SAM. 

 

the change of growing season length and type is relatively slight, 

and the change of maximum value can synergistically reflect 

the characteristics of EVI within the year (Compared with SAM, 

the regional greening trend after averaging is equally obvious, 

but it is weakened to a certain extent), which may be one of the 

essential factors that MVC is generally applicable to EVI char- 

acteristics (Figures 3d ~ 3f). 

In some regions, it is not appropriate to characterize EVI 

changes by the maximum value. Regions 1 and 2 indicate the 

characteristic regions where the greening rate of EVI is less 

than −10/yr. Still, the browning region of MVC is improved in 

SAM, especially in region 1, whose EVI greening rate is greater 

than 50/yr. The reason is that the distribution of cultivated land  

and agricultural irrigation is mainly in region 1. The allometric 

growth of crops and the distribution coefficient of organ biomass 

have been changed due to the improvement of crop varieties 

and artificial adjustment. The proportion of organ biomass de- 

creased, and more attention was paid to the proportion of yield- 

related fruit biomass, which led to a decrease in the maximum 

value but an increase in yield. At the same time, the adjustment 

of crop growing season is also the main factor causing the dif- 

ference between MVC and SAM in Region 1. It is worth men- 

tioning that this time point obtained by remote sensing data anal- 

ysis with a resolution of 1 km is far behind the actual adjust- 

ment time of the planting structure in northern China (Figure 

3b). Specifically, it may be that the actual area converted to mul- 
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Figure 3. Selection of extreme regions and differences under methods. (a) The proportion of data and the distribution of extreme 

conditions under different greening rates, where the distribution of regions 1 ~ 5 is obtained by using the data difference in red 

circles. (b) ~ (f) The spatial average results of EVI in regions 1 ~ 5, where the abscissa is from 2001 to 2021, and the ordinate is 

dimensionless EVI data. 

 

 
 

Figure 4. Greening degree and regional characteristics based on (a) MVC and (b) SAM. 

 

tiple cropping in the region before 2011 is not enough to reflect 

in the 1km source data, and the research on crop phenology in- 

formation needs to be supported by more detailed data. Region 

2 is a complex area such as urban and agricultural land with a 

dense population and traffic, and the length and type of the re- 

gional growing season have not changed significantly. The re- 

gional maximum value has dropped significantly, but the aver- 

age value trend is only −0.6079, which shows that although the 

MVC greening within the year has been lost to a certain extent  

in the human-influenced area, compensation has been made in 

the annual greening (Figure 3c). For some cultivated land, agri- 

cultural irrigation areas, and other areas affected by human-

influenced, it is not entirely correct to reflect greening charac- 

teristics by using MVC, and the overall characteristics within 

the year need to be considered. 

 

3.3. Difference of Greening Degree 

The gradient change of the greening trend relative to its 
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average value of MVC (SAM) sequence in China was construct- 

ed (Figures 4a and 4b). Since 2013, the Chinese government 

has taken a series of measures, and the greening effect is equal- 

ly remarkable (the greening degree improvement rate based on 

SAM: 196.90%. Greening degree improvement rate based on 

MVC: 226.44%). Considering the impact of artificial surfaces 

on the human footprint (Venter et al., 2016a; 2016b) in the 2010 

GlobeLand 30 land cover data (Chen et al., 2017), more than 

95th percentile is used to distinguish areas that are less and sig- 

nificantly affected by human activities, and then it is deter- 

mined that the impact degree in the footprint needs to be no less 

than 10 (Figure 5a). While in the area less affected by human 

activities, we mainly explore the change of forest, grassland,  

shrubland, and wetland in land cover. 

In the areas significantly affected by human activities, the 

MVC considering the annual maximum value shows that the 

frequency distribution of relative gradient mostly presents the 

trend of platykurtic, and the closer the relative gradient is to the 

extreme, the more pronounced the platykurtic situation of EVI 

trend distribution (Figure 5a: MVC-Group). It shows that the 

data is more random and disturbing when it is closer to the ex- 

treme case, which echoes the regional characteristics in Figure 

3b. And this randomness and disturbance may make it more dif- 

ficult for us to evaluate the greening degree. However, the SAM 

considering the annual homogenization information shows that 

 

 
 

Figure 5. Sensitivity to Green degree. (a) Mainly includes the areas significantly affected by human activities and the 

characteristics of distribution and trend based on MVC and SAM. (b) Mainly includes spatial distribution of forest, grassland, 

shrubland and wetland in the area less affected by human activities, and the distribution characteristics of greening information 

and relative gradient. The abscissa of the forest and wetland is from 2001 to 2021, and the ordinate is the dimensionless EVI data. 

The human footprint data range is from 0 to 50, which belongs to dimensionless data. 
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Figure 6. The WRZ2 based on three-step terrain and zoning characteristics. In the bar plot of subfigure (b), the red is used to 

represent different regions in the left subfigure, and the black is used to represent the average EVI of the regions. 

 

the EVI shows the leptokurtic degree in both the frequency dis- 

tribution of relative gradient and the trend change, which is rel- 

atively concentrated as a whole, reduces the disturbance influ- 

ence of extreme conditions, and can accurately evaluate the change 

form of greening characteristics (Figure 5a: SAM-Group). 

In the area less affected by human activities, the relative 

gradient distribution of forest, grassland, shrubland and wet- 

land are relatively concentrated (Figure 5b). The contribution 

of forest to greening is the highest, mostly concentrated in 

0.5812% (MVC) and 0.8065% (SAM). The second is grassland, 

mostly concentrated in 0.3349% (MVC) and 0.1200% (SAM). 

Then shrubland, mostly concentrated in 0.3530% (MVC), 

0.0178% (SAM). The contribution of wetlands is the lowest, 

mostly concentrated on both sides of 0. As examples of forest 

and wetland with relatively high differentiation, the growing 

season length has not changed significantly. And the annual 

maximum value of vegetation in areas less affected by human 

activities has a greater influence on the EVI change, so we can 

choose to characterize the greening by the annual maximum 

value. 

 

3.4. Difference and Identification of Greening Characters  

Based on the terrain and geomorphology characteristics of 

China three-step terrain, we classify the two-level water resources 

zoning (WRZ2) in China (Figure 6). With the improvement of 

the terrain level, the EVI gap calculated by MVA and SAM will 

increase significantly, which is not only related to altitude, but 

also affected by many factors such as latitude zone and climatic 

conditions. Therefore, we mainly discuss the trend change and 

relative gradient difference in typical areas such as drought,  

alpine-cold, latitudinal-cold and hot-humid. Limited by the cli- 

mate and drought, the vegetation growth conditions are harsh, 

the average vegetation coverage in northwest China is about 

5.67% (statistics by SAM method), and the statistical difference 

of EVI within the region is relatively low. In the area less af- 

fected by human activities (Figure 5a and Figure 6: K05, K08, 

K11, K13 in Northwest), the EVI trend changes of maximum 

value and average value are relatively close to their relative gra- 

dient changes, and the greening rate is steadily and gradually 

promoted by 0.3757% (SAM) ~ 0.6436% (MVC) every decade. 

In the areas significantly affected by human activities, the green- 

ing rate is steadily and gradually promoted by 0.7604% (SAM) 

~ 1.6232% (MVC) every decade, and the overall impact of hu- 

man activities on vegetation greening is positive and obvious 

(Figure 5a and Figure 6: K06 ~ 07, K09 ~ 10 and K12 in North- 

west). 

Based on the two methods, the differences of vegetation 

coverage in the hot-humid of the southeast, the alpine-cold of 

the southwest, and the latitudinal-cold of northeast latitude are 

19.95, 23.23, and 36.64%, respectively. And the average vege- 

tation coverage in the region is about 36.48, 22.45, and 24.13% 

(SAM). Due to the relatively dominant vegetation growth condi- 

tions, the impact of human activities is averaged in largescale 

statistics, and no difference law is obtained. The trend of EVI 

obtained by MVC is higher than that by SAM, but the relative 

gradient is the opposite. Considering the change of annual Ho- 

mogenized information in the region is more conducive to syn- 

ergistically reflecting the contribution of vegetation greening de- 

gree. The greening rate in the three areas are 2.7084% (SAM) 

~ 3.3743% (MVC), 0.8726% (SAM) ~ 1.1453% (MVC), 1.6774% 

(SAM) ~ 3.3863% (MVC) per decade, respectively. 

According to the statistical differences between MVC and 

SAM, it can be concluded that (1) Except for drought areas,  

SAM is more suitable to characterize greening characteristics 

in the areas significantly affected by human activities. The im- 

pact of human activities is mostly positive, and due to poor veg- 

etation growth conditions, the annual maximum value can basi- 

cally reflect the year’s overall characteristics. (2) MVC is more  
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Figure 7. Identification and Integration Identification of greening characteristics. (a) Distribution of climate classification, 

single/multiple cropping, and minimum/maximum number of peaks. (b) Influence areas of MVC and SAM. (c) ~ (d) Greening 

information of single/multiple cropping. (e) ~ (f) Minimum/Maximum number of peaks in multiple cropping unit, where the 

abscissa is from 2001 to 2021, and the ordinate is dimensionless EVI data. 

 

suitable to characterize greening characteristics in the area less 

affected by human activities. (3) The discrete Fourier transform 

function (Adole et al., 2018) is fitting on the EVI data pro- 

cessed by SG filtering (Arvor et al., 2008; Xu et al., 2021), the 

peak value after fitting is judged (Condition: the peak interval 

is 4, and the lowest peak value is greater than the annual aver- 

age EVI), and the spatial distribution of multiple cropping veg- 

etation/crops in China is obtained (Figure 7a). The variation of 

the minimum/maximum number of peaks in the multiple crop- 

ping vegetation/crops is extracted to ensure the single/multiple 

identification accuracy fully, and the delay effect of the single/ 

multiple time point is also found (Figures 7e and 7f). Consider- 

ing the statistical results of cultivated land and single/multiple 

cropping areas in Section 3.2 (Figures 3b and 3c), the greening 

characteristics of multiple cropping vegetation/crops are char- 

acterized by SAM, while MVC is the opposite. Finally, com- 

bined with Köppen climate classification (Kottek et al., 2006), 

single/multiple cropping, and human activity influence, the se- 

lection range of indicators in China region was obtained (Fig- 

ure 7b). Since 2000, China has steadily and gradually promoted 

the greening rate of 1.73% every decade (Figure 8a). Compared 

with 2000 to 2013, the greening degree in China increased by 

1.08 times (Figure 8b). 

3.5. Contribution to Global Greening 

We take the country as the statistical object to count the 

change degree of effective EVI cumulant in its region, discrimi- 

nate the contribution degree of each region to global greening, 

and consider the change of contribution degree and the change 

in all information. Among them, the effective EVI value is not 

less than 0. 

The number of countries with a greening trend dominates, 

and the global cumulative sequence of gaps has a significant  

upward trend compared with the slope between regions (Figure 

9: Global_EVI). If only the contribution of regional cumulant 

to global change is considered, even if the greening range shows 

a downward or insignificant growth trend, the contribution de- 

gree will still be over-evaluated due to the influence of the mag- 

nitude of basic data (Table 2, Table 3, and Figure 9: Russia_EVI 

and USA_EVI). Taking complete account of the importance of 

greening degree and growth rate in the evaluation of regional 

greening contribution degree, we constructed a cumulative con- 

tribution comparison method considering the influence of slope 

(Equations 5 ~ 6). From 2001 to 2021, China, Brazil, India, and 

other countries made more active contributions to global green- 

ing, and the contribution degree is shown in Table 2. Brazil’s 

greening rate is the fastest, which may be directly linked to hav-  
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Figure 8. Identification and integration of greening characteristics: (a) Greening rate; (b) Greening degree. 

 

Table 2. Ranking of Positive Changes to Greening During 2001 ~ 2021 

Rank Contribution of Cumulants Contribution of Slope Contribution under Combined Influence 

Contribution Nation Contribution Nation Contribution Nation 

1 34.83 Russia 19.39 Brazil 13.72 China 

2 22.10 U.S.A 15.27 China 10.40 Brazil 

3 20.16 DR Congo 11.44 India 7.05 India 

4 17.42 China 3.47 France 2.10 U.S.A 

5 11.94 India 3.42 Poland 1.20 DR Congo 

6 10.40 Brazil 3.27 Germany 1.13 Russia 

7 4.90 Angola 2.99 Iran 0.50 Sudan 

8 3.49 Namibia 2.85 Sudan 0.28 Pakistan 

9 3.40 Sudan 2.83 Ukraine 0.24 Indonesia 

10 3.02 Mongolia 2.56 Romania 0.22 Cote d'Ivoire 

 

Table 3. Ranking of Negative Changes to Greening During 2001 ~ 2021 

Rank Contribution of Cumulants Contribution of Slope Contribution under Combined Influence 

Contribution Nation Contribution Nation Contribution Nation 

1 −23.40 Australia −13.05 Canada −18.46 Canada 

2 −18.46 Canada −5.46 Peru −1.83 Australia 

3 −4.93 Tanzania −3.31 Indonesia −0.65 Germany 

4 −4.88 Mozambique −2.82 Zambia −0.55 Ukraine 

5 −3.86 Ukraine −2.03 U.S.A −0.19 Madagascar 

6 −3.83 Madagascar −1.87 Madagascar −0.37 Poland 

7 −3.83 Germany −1.51 Argentina −0.17 Mozambique 

8 −2.82 Saudi Arabia −1.01 Kazakhstan −0.56 Tanzania 

9 −2.41 Kazakhstan −1.00 Mozambique −0.32 Kazakhstan 

10 −1.84 Poland −0.65 Russia −0.14 Saudi Arabia 

 

ing most of the Amazon forest, but we believe in its unique po- 

sitioning perspective as a big climate country (Viola and Fran- 

chini, 2017). In the dry season of the Amazon forest, which is 

not constrained by water, the increase in sunshine (Huete et al., 

2006; Saleska et al., 2016) and the seasonality of water-use effi- 

ciency (Morton et al., 2014) may promote its greening trend. 

Also, Brazil’s climate leadership is even more pronounced 

(Table 2) due to increased forest protection (Viola and Franchi- 

ni, 2017). Brazil accounts for 5.71% of the global land area, 

and its cumulative contribution to global greening has 

reached10.40%.  

Compared with Brazil, the cumulant sequence of gaps be- 

tween China and India basically shows positive changes, and 

the greening is obvious. China has 6.44% of the global land area, 

and its cumulative contribution to global greening has reached  
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Figure 9. Contribution of regional greening. The solid line represents the trend of EVI change, the dashed line represents the 

fitted trend line, and its fitting equation can be obtained from the figure. Orange indicates a downward trend in the region, and 

blue indicates an upward trend. Notes: Because of the cumulant sequence of gaps, the abscissa is from 2002 to 2021, and the 

ordinate is the dimensionless cumulative EVI data (109). 

 

13.72%. India has 2.00% of the global land area, and its cumu-

lative contribution to global greening has reached 7.05%. The 

cultivated land of multiple cropping (Zuo et al., 2014) and Red-

lines for the greening (Lü et al., 2013) gives China a greater abil- 

ity to achieve the goal of forest expansion, while India mainly 

focuses on farmland greening (Gao et al., 2019). The greening 

patterns of China and India are diametrically opposite, which 

are undoubtedly the two extremes of successful examples (Chen 

et al., 2019). However, the greening patterns of each region 

need to be fully considered according to regional characteris- 

tics and policy needs. 

Canada is more prominent in the negative contribution of 

global greening (Table 3), and the cumulant sequence of gaps 

shows negative changes, which may be related to the higher val- 

ue in 2001, but this is not enough to explain its significant down- 

ward trend (Figure 9: Canada_EVI). The browning of Canada 

has been discovered for a long time. At first, scholars speculat- 

ed that this trend might be caused by many objective factors, 

such as the influence of processing algorithms, the difference 

in dataset pixels, etc (Alcaraz et al., 2010). However, based on 

the research about the combination of multi-source data sets  

(Beck and Goetz, 2011), productivity model (Zhang et al., 2008; 

Feng et al., 2021b), and the limiting factors of tree growth 

based on temperature (Lloyd et al., 2007; Man et al., 2013), 

water (Barber et al., 2004), insects (Malmström and Raffa, 

2000), diseases (Malmström and Raffa, 2000), and other char- 

acteristics studies, many scholars have revealed in more detail 

the fact that the browning in northern North America is expand- 

ing. The vast land area and complex geographical environment 

in the region may be one of the reasons, but it is not the key. In 

the context of frequent global warming and extreme events, 

countries still need to pay attention to the degree of greening-

browning transition at all times, especially in the northern re- 

gion (Figure 9). 

4. Discussion 

4.1. A Single Index Cannot Characterize the Greening, 

and the Phenomenon of Hasty Generalization is more 

Prominent 

China greening has achieved remarkable results and is al- 

most common sense. Under such information’s impact, the re- 
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Figure 10. Comprehensive judgment of abrupt time point. (a) ~ (b) Results of the Mann-Kendall test and the moving t-test. (c) 

Results of the cumulative anomaly method. (d) ~ (h) The absolute error of the average value before and after the moving time (%), 

where the range of moving time is 2002 ~ 2021. Taking the moving time of 2002 as an example, this value is the absolute error of 

the average between 2001 and 2002 ~ 2021. Notes: The red circle highlights the turning point of the abrupt time. 

 

search’s focus is biased toward its driving factors, and the 

greening-browning boundary is easily ignored. Then the in- 

dexes that describe the greening trend are very critical. Differ- 

ent methods, such as selecting the maximum value (Yuan et al., 

2022), statistical mean value (Pei et al., 2021), and statistical 

growth season changes in fixed months (Hua et al., 2017), have 

unique advantages. However, this have changed the greening-

browning boundary to a certain extent, and the uncertainty of 

subsequent research results has also increased. Even with the 

most basic methods, the difference in greening-browning is still 

pronounced. The proportion of the area in which both are re- 

versed is about 14.08%, far exceeding the proportion of the 

area where both brown together (6.66%) in China. The indica- 

tors that characterize greening are particularly complex in both 

spatial distribution and temporal evolution due to the influence 

of human activities, climate, and geographical environment. A 

single index of greening represents the overall characteristics, 

and there will be a phenomenon of hasty generalization. Due to 

the change in land type, the improvement of the agricultural 

model, and many other influences, the maximum value in the 

process of time evolution decreases, but the annual growing 

season and the overall greening trend show the opposite direc- 

tion. And the above effects are also related to climate change. 

The above phenomena are also strongly related to climate 

change and differences in natural geographical environment.  

For example, in the drought of northwest China (Guan et al., 

2018; Wu et al., 2021), the alpine-cold of southwest China (Liu 

et al., 2020; Qiao et al., 2021), and the latitudinal-cold of north- 

east China (Hua et al., 2017; Yuan et al., 2021), due to the limi- 

tation of water and temperature, the change of vegetation 

greening information in the annual distribution is not signifi- 

cant. It is worth mentioning that NDVI (de Jong et al., 2011; 

Zheng et al., 2015), LAI (Munier et al., 2018), and other green- 

ness proxies used to characterize vegetation status are similar 

to the changes in EVI in this research. Selecting a fixed index 

in the trend analysis of discrete data will inevitably invert or at- 

tenuate the annual growing season of vegetation and the overall 

greening trend. The uncertainty of human influence, water, and 

temperature differences is still very complex in evolution, and 

this phenomenon of hasty generalization should be selectively 

recognized, considering the research’s primary goal. 

 

4.2. The Difference in China Greening Characteristics 

under 1 km Spatial Resolution is more Reflected around 

2013. And the Forcing Facts of Extreme Regions 1 ~ 5 are 

Distinct under Different Methods 

In this research, 2013 is often used as the time point when 

China greening characteristics changed significantly because the 

cumulation of quantitative changes leads to qualitative change. 

Through the Mann-Kendall test (Mann, 1945; Kendall, 1975), 

the moving t-test (Zhang et al., 2014), and the cumulative anom- 

aly method (Zhao et al., 2015), it is confirmed that overall 

greening characteristics have an abrupt upward trend around 

2013 (Figures 10a ~ 10c). And the regional changes in extreme 

cases are more sensitive, which the obvious changes around 

2013 are very prominent and have different characteristics (Fig- 

ures 10d ~ 10h). In regions 3 ~ 5, where vegetation growth is 

limited, the effects of different methods are almost the same, 

and the maximum value is more prominent. In regions with fa- 

vorable vegetation growth, the variation differences are more 

complex. In region 1, which is dominated by cultivated land, 

the opposite trend is significant, and the average value can bet- 

ter highlight the volatility of its changes. In region 2 of complex 

types, the effects between different methods are also in the 

same trend, but the maximum value can better represent the 

fluctuation of changes. Specifically, this volatility or instability 

of changes is a more sensitive index that reflects the greening 

characteristics. It is worth mentioning that the point where the 

vegetation greening trend has changed significantly is closely 
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Table 4. Results of Partial Correlation Analysis 

Methods Statistical objectives Region 1 Region 2 Region 3 Region 4 Region 5 

MVC SO1 p 0.0217 0.5428 0.1162 0.4791 0.0172 

R2 −0.5097 −0.1447 0.3625 0.1680 0.5262 

SO2 p 0.7518 0.6624 0.2466 0.4554 0.0498 

R2 0.0755 −0.1041 0.2717 −0.1770 0.4440 

SAM SO1 p 0.0393 0.9594 0.0007 0.0077 0.0957 

R2 0.4641 −0.0122 0.6956 0.5773 0.3829 

SO2 p 0.0000 0.7556 0.0011 0.0000 0.0003 

R2 0.8233 0.0743 0.6729 0.8119 0.7206 

SO1: Considering the influence of temperature, the partial correlation between precipitation and vegetation. SO2: Considering the influence of 

precipitation, the partial correlation between temperature and vegetation. Reference: Song and Ma, 2011. 

 

Table 5. Contribution Ratio of Slope 

Methods Statistical objectives Region 1 Region 2 Region 3 Region 4 Region 5 

MVC Change ratio SO3 35.8 −3.96 18.21 5.04 39.41 

SO4 1.34 −1.06 2.95 −1.03 2.51 

SO5 −4.76 −13.83 14.44 17.39 47.74 

Contribution ratio SO3 −753.27 28.60 126.08 28.97 82.55 

SO4 −28.26 7.64 20.43 −5.91 5.25 

SO6 881.53 63.75 −46.52 76.94 12.20 

SAM Change ratio SO3 2.29 10.82 16.31 11.85 15.33 

SO4 6.44 7.26 11.78 12.43 6.77 

SO5 24.11 −1.54 14.53 15.88 35.60 

Contribution ratio SO3 9.51 −701.88 112.22 74.61 43.07 

SO4 26.70 −470.92 81.04 78.28 19.01 

SO6 63.79 1272.79 −93.26 −52.89 37.92 

SO3: Precipitation. SO4: Temperature. SO5: EVI. SO6: Other factors, such as human activities. The change and Contribution ratio are obtained 

by the slope change ratio of accumulative quantity (Wang et al., 2012; Wu et al., 2017). 

 

related to the resolution of the source data. Taking Region 1 as 

an example, when analyzing the 500 m source data, the time of 

the double-peak is earlier. 

We further analyze the influencing factors based on the 

change in precipitation and temperature (Tables 4 and 5). The 

positive relationship between the precipitation and the vegeta- 

tion greening is generally promoting, and the temperature in- 

crease has more influence on agricultural changes such as crop 

type and rotation. The planting structure in region 1 has changed 

significantly during the year. The difference between MVC and 

SAM methods in partial correlation analysis is more reflected 

in temperature evolution. And in considering the overall vege- 

tation information in the region, the contribution of temperature 

and other factors, such as human activities, is pronounced. The 

land pattern in region 2 is more complex, with many types of 

urban and agricultural land with dense population and traffic. 

The greening of the vegetation landscape pattern is dominant, 

and the double-peaks are not evident during the year. The par- 

tial correlation results in complex types of combination regions 

are insignificant, and the contribution of other factors, such as 

human activities, is obviously dominant. Regions 3 and 4 both 

show that the partial correlation analysis results of SAM con- 

sidering the overall greening information are significant, and 

MVC is the opposite. We conjecture that this result is related to 

the effective annual changes of precipitation and temperature in 

the month with the maximum value, and recombined sequences 

have low representation. The dominant factors affecting its trend 

change are more reflected in climate change. Region 5 is affect- 

ed by the environment, and the annual vegetation information 

is more reflected in the maximum value. Compared with the 

partial correlation analysis results of MVC, SAM is relatively 

insignificant. The dominant factors are more reflected in precip- 

itation and other factors, such as human activities. 

5. Conclusions 

Few papers discuss greening reflected in method differences. 

The description of the greening phenomenon by the choice of 

statistical indicators may only be a high and low change in the 

overall statistics, but there may be directional errors and the phe- 

nomenon of hasty generalization in some regions. This differ- 

ence is obviously not desirable in the analysis of driving factors 

and their contribution. In this research, the statistical indicators 

constructed by MVC and SAM evaluated the method differ- 

ences in China greening characteristics from the greening rate 

and degree perspective, and revealed the occurrence and char- 

acteristics of this difference. Vegetation growth conditions and 

variation characteristics during the year have the highest priori- 

ty in greening. In regions with limited vegetation growth condi- 

tions, such as northwest and northeast China, the annual maxi- 

mum value can synergistically reflect the annual greening char- 

acteristics, highlighting its significant trend. In regions of culti- 

vated land that are more profitable by changing crop character- 

istics during the year, the annual maximum value cannot accu- 

rately distinguish the range of greening-browning, and the SAM 

method that considers the annual information performs better. 
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Ignoring the case of multiple cropping, the influence of human 

activities is mostly positive in the annual information, and SAM 

is more suitable to characterize its greening characteristics. 

Under the background of global greening, the quantitative 

contribution of different regions has not been thoroughly stud- 

ied. The contribution of greening should fully consider the veg- 

etation cover characteristics of inherent stock and changing flux. 

By analyzing the cumulant sequence of gaps, we show that Chi- 

na has accounted for 6.44% of the global land area and contribut- 

ed 13.72% to global greening, ranking first. Brazil (10.40%), fol- 

lowed by India (7.05%). The browning phenomenon in Canada 

is remarkable, and the accompanying problems, such as ecosys- 

tem sustainability and species diversity, need to be paid enough 

attention. 

 

Appendix  

Table A1. The Code and Corresponding Name of WRZ2 

Code Name 

A02 Nenjiang river 

A03 Di’er Songhua river 

A04 Songhua River (below the Sanchakou) 

A05 Main stream of Heilongjiang river 

A06 Wusuli River 

A07 Suifen river 

A08 Tumen River 

B01 Xiliao River 

B02 Dongliao River 

D01 Yellow River above Longyang Gorge dams 

F01 Jinsha River above shigu 

F02 Jinsha River under shigu 

F03 Mintuo River 

J02 Lancang River 

J03 Nujiang River and Irrawaddy River 

F07 Dongting Lake water system 

F09 Poyang Lake water system 

G03 Rivers in southern Zhejiang 

G04 Rivers in eastern Fujian 

B01 Xiliao River 

B02 Dongliao River 

D01 Yellow River above Longyang Gorge dams 

F01 Jinsha River above shigu 

F02 Jinsha River under shigu 

F03 Mintuo River 

J02 Lancang River 

J03 Nujiang River and Irrawaddy River 

F07 Dongting Lake water system 

F09 Poyang Lake water system 

G03 Rivers in southern Zhejiang 

G04 Rivers in eastern Fujian 

G05 Minjiang river 

G06 Rivers in southern Fujian 

G07 Rivers in Taiwan 

H04 The Xijiang River of the Pearl River 

H05 The Beijiang River of the Pearl River 

H06 The Dongjiang River of the Pearl River 

H07 Zhujiang delta 

H08 Hanjiang River and rivers in eastern Guangdong 

H09 Rivers in western Guangdong and southern Guangxi 

H10 Hainan Island and South China Sea Islands 

K05 Rivers in Turpan-Hami Basin 

K06 Rivers at the southern foot of Altai Mountain 

K07 Inland river region of Central Asia and West Asia 

K08 Gurbantunggut Desert Area 

K09 Rivers at the northern foot of Tianshan Mountain 

K10 Source of Tarim River 

K11 Rivers at the north foot of Kunlun Mountain 

K12 Main stream of Tarim River 

K13 Desert area of Tarim Basin 
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