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Abstract:

 Shrubs have been reported to expand into grassland and polar regions in the world, which causes complex changes in ecosystem carbon, nutrients, and resilience. Given the projected global drying trend, shrubs with their superior drought resistance and tolerance may play more important roles in global ecosystem function. Shrubland exists in all of the climate zones in China, from subtropical to temperate and high cold regions, and they occupy more than 20% of the land area. In this paper, we analyzed the spatiotemporal trend of MODIS (Moderate Resolution Imaging Spectroradiometer) EVI (Enhanced Vegetation Index) for six shrubland types in China from 2001 to 2013 and its relationship to intra- and inter-annual regional climate dynamics. Existing literature reported that the vegetation index did not change significantly in China during 2000–2012. However, we found that the shrubland EVI in China increased significantly at a rate of 1.01 × 10−3 EVI·a−1 from 2001 to 2013. Two major shrubland types (subtropical evergreen and temperate deciduous) and two desert types (high-cold desert and temperate desert) increased significantly, whereas subalpine evergreen shrubland decreased at a rate of −0.64 × 10−3 EVI·a−1. We also detected a significantly lengthened growing season of temperate deciduous shrubland. The growing season length contributed significantly to the annual averaged EVI for temperate deciduous, subalpine deciduous and subtropical evergreen shrublands. Furthermore, the precipitation variation contributed more to the annual averaged EVI than the temperature. The year-round decrease in rainfall and the increase in temperature led to a significant reduction in the subalpine evergreen shrubland EVI. The enhancement of countrywide shrubland EVI may promote its contribution to the regional ecosystem function and its potential to invade grasslands.




Keywords:


vegetation growth; MODIS-EVI; climate change; China; ecosystem stability








1. Introduction


The prevailing analysis and synthesis of climate models [1,2] project that a persistently increasing trend of aridity dominates the global climate change in the 21st century despite a short period of cooling over the past 17 years. Frequent and severe droughts would put many forest ecosystems under significant moisture stress, with severe consequences for the ecosystem structure and function [3,4,5]. Because of the increased droughts and heat waves, the global net primary productivity (NPP) has been found to decrease in the new century [6], and tree mortality has been found to increase [7] in many places around the world. Ecosystems with drought resistance and tolerance, such as shrubs [8], may become increasingly prominent in the future.



Shrubs have been reported to expand to arid, semiarid, and sub-humid regions [9,10,11,12] and to invade arid and semiarid grassland [8,13]. The expansion of shrubs in grassland has complicated the consequences of ecosystem structure and function. For instance, the invasion of shrubs in arid grassland reduced ecosystem production and carbon sequestration [14]. However, recent studies have indicated that shrub encroachment has positive effects on the ecosystem functions of herbaceous biomass [15], microbe diversity, and nitrogen mineralization [16]. Based on the experiment in southeast Spain [17], shrub encroachment has been found to increase soil organic carbon, total nitrogen, and biological soil crusts. Instead of leading to desertification in previous studies, shrub encroachment is considered to reverse desertification in the Mediterranean grasslands [17].



The superior tolerance of shrubs to moisture stress can be attributed to their small leaf-to-sapwood-area ratio [18,19] and their deep rooting profile [20,21]. Because of the lack of a main trunk and their multiple branches, the leaf-to-sapwood-area ratio of shrubs is on the order of 103, whereas the ratio for arbores is within the order of 105 to 106 [22,23]. The stomata of shrubs is more resistant to moisture stresses in both soil and air compared to that of other functional types [24,25,26,27]. Therefore, shrubs should perform better than other functional types in the global drying trend.



Spatiotemporal patterns of vegetation performance have been measured by various satellite remotely sensed vegetation indices, among which the enhanced vegetation index (EVI) from the MODIS sensor (Moderate-Resolution Imaging Spectroradiometer) has the best linearity with the green biomass (mostly leaf) of the Earth [28]. EVI has been widely used to monitor and measure vegetation growth status [29,30], primary productivity [31,32,33,34,35,36,37], evapotranspiration [38], and plant phenology changes [39].



The seasonality of the climate has been considered to be an important modifier of grass-shrub competition. Shrubs sensed warming in the spring earlier than grasses due to the shrubs higher buds in the air, and warm spring favored shrubs during leaf out [8]. Warming tends to shorten the growing season of mono-cultivated crops; however, it has been found to prolong the growing season of multispecies ecosystems [40]. The rainfall seasonality might be the most important driver, and shifting rainfall from summer to other seasons favors shrubs rather than grasses [41].



Shrublands occupy more than 20% of the land in China [42] and can be classified into six functional types: subtropical evergreen (EVGNST) in the south; temperate deciduous (DCDSTP) in the north and northeast; subalpine evergreen (EVGNMT) and subalpine deciduous (DCDSMT) in the east slopes of the Tibet; temperate desert (DSRTTP) in the north and northwest; and high-cold desert (DSRTHC) shrublands in the west of Tibet. EVGNST is dominated by subtropical/tropical evergreen broad-leaved shrubs mixed with a small deciduous component. DCDSTP and DCDSMT are dominated by deciduous broad-leaved shrubs. EVGNMT is composed of a majority of sclerophyllous evergreen broad-leaved shrubs and a small part of evergreen needle shrubs. DSRTTP is dominated by temperate subshrubs and temperate desert shrubs, while DSRTHC is dominated by high-cold cushion subshrubs. EVGNST (the second largest in area) and DCDSTP have the best climate conditions and thus the largest average EVI of 0.429 and 0.321, respectively. On the other hand, the two desert shrublands (DSRTTP and DSRTHC) have the smallest average EVI of 0.088 and 0.071, respectively, despite the greatest distribution area of 1,068,218 km2 of the former. The two sub-alpine shrublands have relatively small distribution areas and moderate average EVI values. Thus, the countrywide average EVI and its temporal patterns are mostly contributed by EVGNST and DCDSTP. The contribution of shrublands to the NPP in China has been found to be comparable to the arbores forest [43]. Shrublands in China expanded in this century because of the policy-guided shrub planting after abandonment of crops in northern China [44,45]. While EVI in China has been found to increase in a non-significant manner [46], we expected that the shrubland EVI should have a stronger increasing trend than the overall EVI in China.



The objective of this study is to test three hypotheses: (1) the annual average EVI in China Shrublands significantly increased from 2001 to 2013; (2) intra- and inter-annual changes in temperature and precipitation greatly altered the growing season of shrublands; and (3) the significant increase in shrub EVI can be explained by the extension of the growing season and the favorable climate. We analyzed the annual and seasonal EVI at both pixel-based and shrubland type scales to derive the trends in annual/seasonal EVI and climate variables, as well as the trends of the growing season length, and quantified the relationship between the trend in EVI and the climate variations and the growing season length.




2. Materials and Methods


2.1. Data Acquisition and Preprocessing


We obtained the MODIS EVI that covers continental China over the period from 2001 to 2013, with a spatial resolution of 1 km and temporal resolution of 16 days, from the NASA Data Center [47]. Firstly, we applied the approach suggested by Samanta et al. [48] to screen for good data. Secondly, we temporally filled the missing or unreliable EVI based on the quality assurance flags using a simple linear interpolation [49]. Then, we aggregated the monthly EVI by applying the maximum value composite (MVC) method to the two images from each month. Finally, based on the 1:1 million vegetation map [42], we extracted the EVI for the subtropical evergreen mixed with a small part of deciduous (EVGNST), temperate deciduous (DCDSTP), subalpine evergreen (EVGNMT), subalpine deciduous (DCDSMT), temperate desert (DSRTTP), and high cold desert shrublands (DSRTHC). Furthermore, pixels with an annual mean value less than 0.05 were excluded to reduce the impact of bare soil and too sparsely vegetated pixels [50].



To explain the changes in EVI, we obtained the monthly temperature and precipitation records of 659 meteorological stations across China from the Meteorological Data Center for the same period of time [51]. The monthly temperature and precipitation were then interpolated to all of the shrublands using Kriging. The monthly EVI, temperature, and precipitation maps were spatially averaged over the six shrubland types and then averaged seasonally and growing seasonally to obtain the times series of the EVI and the climate variables. Our study focused on the growing season (from April to October), which can be divided into three seasons: spring (April and May), summer (June, July and August) and fall (September and October) [50,52]. To explore the effects of winter climate change on the starting days of the growing season, we defined winter as November of the prior year to March of the following year [53].




2.2. Growing Season Length Detection


To explore the temporal trend of the growing season for each shrubland type, the TIMESAT program was used to obtain the profile of the 16-day EVI time series using asymmetric Gaussian functions [54]. TIMESAT program is a common tool for phenology detection by setting a threshold value to determine the start of the season and end of the season [30,55,56]. The start of the season was defined as the point at which the EVI increased to a value that was set to 30% of the distance between the minimum and maximum of the left edge. Similarly, the end of the season was defined as the point at which the EVI decreased to 30% of the distance between the minimum and maximum of the right edge. The growing season length was extracted by calculating the days between the starting day and the ending day.




2.3. Pixel-Based Non-Parametric Trend Analyses of EVI


Mann-Kendall’s test and Theil-Sen median slope were used to obtain the possible monotonic trend in the time series of the annual average EVI at the pixel level, which were widely used to determine vegetation variation [57,58,59]. The Mann-Kendall’s test [60] is a robust nonparametric significance test that calculates Z values based on the signs of changes in the time series. Z values greater than 1.96 indicates a significantly increasing trend, and a Z value smaller than −1.96 is regarded as a significantly decreasing trend.



Mann-Kendall’s test does not count the magnitude of changes between any two consecutive pairs of numbers in the time series. The Theil-Sen median estimator, βTS, is a robust simple linear regression that chooses the median of slopes calculated between any pair of data points in the time series, and hence compensates for the Mann-Kendall’s test in the quantitative aspect. This method is appropriate for assessing the rate of change in short or noisy time series because it is robust to outliers. βTS is divided into three ranges of βTS < 0, βTS = 0, and βTS ≥ 0, for “degraded”, “unchanged”, and “improved”, respectively. In combination with the three ranges of Mann-Kendall’s test, we can define two additional classes, i.e., βTS < 0 with Z < −1.96 for “significantly degraded” and βTS ≥ 0 with Z > 1.96 for “significantly improved”.




2.4. Regression with Serial-Correlation for Trends in EVI, Climate Variables and Growing Season


A more quantitative approach to time series analysis is the generalized least squares regression, which is capable of deriving the quantitative trend together with the serial correlation in the time series. Generalized least squares regression is applied to annual/seasonal EVI, temperature and precipitation, and EVI-derived growing season length in this study. To avoid spatial autocorrelation, we averaged these variables over the six shrubland types and applied the generalized least squares regression to the lumped data. We tested whether there was a significant temporal trend and quantified the strength of the trends in EVI, temperature and precipitation, as well as the growing season length of the growing seasons.



The seasonally and annually averaged EVI, climate, and growing season length variables were regressed on time using the following equation:
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(1)




where y is any of the above variables, x stands for year, and a is an intercept. Slope k stands for the trend. The analysis of EVI, seasonal climate variables and growing season length will allow us to quantify the changes in seasonal profiles of these variables.




2.5. Regression of Annual Average EVI on Growing Season Length and Climate Variables


The Kriging interpolated precipitation and temperature may not reflect the true water supply and temperature of the scattered shrublands. However, the temporal trends of the interpolated climate variables should be close to those of the shrublands.



To quantify the effects of climate variations on the growing season, we regressed the growing season length on the seasonal precipitation and temperature. The annual averaged EVI (April to October) were regressed on the growing season length and selected seasonal climate variables to establish dependence of EVI on the growing season length and climate. The regression equation can be expressed as follows:
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(2)




where y is the annual averaged EVI, x represents the seasonal climate variables and growing season length.



Regression coefficients are analyzed, interpreted, and discussed in the context of vegetation responses to regional climate dynamics. We used the Generalized Least Squares regression included in the “nlme” package of the free statistical software R [61] for all of the regression analyses.





3. Results


3.1. Spatial Variation in the Interannual Trend of EVI at the Pixel Level Using Non-Parametric Analyses


The “significantly improved” and “insignificantly improved” classes (Figure 1, Table 1) occupy 14.67% and 50.23% of the total shrubland area of China, respectively, and are mostly distributed in the subtropical evergreen and temperate deciduous shrublands. The “significantly degraded” and “insignificantly degraded” classes occupy 3.36% and 30.88%, respectively, and are mostly located in the two subalpine shrublands, and the northwest of temperate desert shrubland. Moreover, 0.86% of the area is “unchanged”.


Figure 1. Pixel-based nonparametric trend analysis from 2001 to 2013. The circles indicate the distribution of different shrubland types. The first number in bracket indicates averaged EVI during the 13 years, and the second number indicates the percentage of total shrubland area. DCDSMT and EVGNMT are in one circle because there is no clear boundary between them. DCDSMT mainly distributed in the upper half of the circle and EVGNMT distributed in the bottom half.
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Table 1. Pixel-based nonparametric trend analysis. TS stands for Theil–Sen median slope estimator.


	TS
	Z (Mann–Kendall)
	EVI Trend Class
	Area (%)





	>0
	>1.96
	Significantly improved
	14.67



	>0
	−1.96–1.96
	Insignificantly improved
	50.23



	0
	−1.96–1.96
	Unchanged
	0.86



	<0
	−1.96–1.96
	Insignificantly degraded
	30.88



	<0
	<−1.96
	Significantly degraded
	3.36














3.2. Spatiotemporal Trends of Annual and Seasonal EVI at the Shrubland-Type Level Using Regression


The regression-obtained trend coefficient, k (Table 2), indicates that the two major shrubland types, subtropical evergreen (EVGNST) and temperate deciduous shrublands (DCDSTP), showed significant and similar increasing trends with k = 1.88 × 10−3 EVI∙a−1 and 1.89 × 10−3 EVI∙a−1, respectively (p < 0.01), over the 13-year period. The high cold desert (DSRTHC) and temperate desert shrublands (DSRTTP) also exhibited an increasing trend coefficients with k = 0.36 × 10−3 EVI∙a−1 and 0.55 × 10−3 EVI∙a−1, respectively (p < 0.05). Although DSRTTP EVI increased on the whole, we should note that a large area decreased in the northwest of DSRTTP. In contrast to the increasing trends of the above shrubland types, the two subalpine shrubland types showed a decreasing trend. Countrywide, shrublands exhibit an increasing trend with k = 1.01 × 10−3 EVI∙a−1 (p < 0.01). The finding is approximately consistent with those of the pixel-based analysis (Figure 1).



Table 2. Temporal trends in annual and seasonal EVI based on the Generalized Least Squares Regression. k denotes Linear coefficient for year. ΔR is the relative change computed as the slope k in the second column times 13 then divided by the annual average EVI in 2001. CONTRY denotes the pooled EVI of the countrywide shrublands; p values were based on one-tailed hypothesis, and “*”, “**”, and “***” are for p-values less than 0.1, 0.05, and 0.01, respectively.



	

	
Annual

	
Spring

	
Summer

	
Fall




	

	
k (10−3 EVI∙a−1)

	
ΔR (%)

	
k (10−3 EVI∙a−1)






	
DSRTHC

	
0.36 **

	
7.10

	
0.36 **

	
0.54 ***

	
0.07




	
DSRTTP

	
0.55 **

	
8.86

	
0.23 *

	
0.91 **

	
0.19




	
DCDSTP

	
1.89 ***

	
8.10

	
1.22 *

	
2.10 ***

	
1.82 ***




	
EVGNMT

	
−0.64 *

	
−2.97

	
−0.04

	
−0.57

	
−1.18 *




	
DCDSMT

	
−0.04

	
−0.16

	
0.19

	
−0.17

	
−0.38




	
EVNGST

	
1.88 ***

	
5.90

	
1.78 **

	
1.12 ***

	
2.24 ***




	
CONTRY

	
1.01 ***

	
5.93

	
0.68 **

	
0.93 ***

	
0.70 ***










We calculated the relative changes (ΔR in Table 2) as 13k/EVI2001, where EVI2001 is the mean EVI of the growing season in 2001. The temperate desert (DSRTTP) shrubland showed the maximum relative increase of 8.86%, whereas the subalpine evergreen (EVGNMT) shrubland showed the maximum relative decrease of −2.97%. The significant relative changes of the other types are between 5.90% and 8.10%, and the resultant countrywide relative change is 5.93% (Figure 2a).


Figure 2. Annual mean EVI (a); temperature (b); and annual precipitation (c) of the China shrublands. Solid lines represent the regression with Generalized Least Squares method to derive trend from the time series.
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Seasonal EVI showed more diverse trends among the six types (Table 2). The EVI of the temperate deciduous and subtropical evergreen shrublands showed a significantly increasing trend in all of the three seasons. Similarly, the high-cold desert and temperate desert shrublands showed a growing trend in all of the three seasons but was only significant in the spring and summer. However, the two subalpine shrublands showed a decreasing trend in almost all of the seasons except the spring of the deciduous shrublands, but only the trend in the fall of the subalpine evergreen shrubland was significant. Furthermore, the countrywide shrublands had significant increasing trends in all three seasons (Table 2).




3.3. Spatiotemporal Trends of Annual and Seasonal Precipitation and Mean Temperature


The annual precipitation of the four shrubland types showed increasing trends (Table 3). The trends of DCDSTP and DCDSMT were significant at the rate of 6.43 mm∙a−1 (p < 0.05) and 2.80 mm∙a−1 (p < 0.1), respectively. Moreover, DSRTHC and DSRTTP exhibited increasing trends of 0.83 and 0.57 mm∙a−1, respectively, but these were not significant. In contrast, EVGNST and EVGNMT had decreasing trends in annual precipitation at −3.80 and −3.70 mm∙a−1, respectively. Five shrubland types, DSRTHC, DSRTTP, EVGNMT, DCDSMT and EVGNST, showed increased annual mean temperature over the 13-year period, in which DSRTHC, DSRTTP, EVGNMT and DCDSMT had significant trends of 4.72, 3.36, 5.50, and 5.56 × 10−2 °C∙a−1, respectively. In contrast, the annual mean temperature of DCDSTP exhibited a decreasing trend, but this was not significant. The countrywide shrublands exhibited an increasing trend for the mean temperature at a rate of 2.87 × 10−2 °C∙a−1 (p < 0.1) but a decreasing trend for annual precipitation (Table 3, Figure 2b,c).



Table 3. Temporal trends in annual and seasonal climate based on the Generalized Least Squares Regression. p values were based on one-tailed hypothesis, and “*”, “**”, and “***” are for p-values less than 0.1, 0.05, and 0.01, respectively.



	

	
Mean Temperature (10−2 °C∙a−1)

	
Precipitation (mm∙a−1)




	

	
Annual

	
Spring

	
Summer

	
Fall

	
Winter

	
Annual

	
Spring

	
Summer

	
Fall

	
Winter






	
DSRTHC

	
4.72 ***

	
6.07 *

	
4.35 ***

	
4.06 *

	
−1.90

	
0.83

	
0.24

	
0.64

	
0.07

	
0.17 **




	
DSRTTP

	
3.36 *

	
8.23

	
−1.30

	
3.20

	
−6.98 **

	
0.57

	
−0.28

	
1.11

	
−0.11

	
0.32




	
DCDSTP

	
−1.08

	
−4.51

	
1.67

	
−0.91

	
−13.04 ***

	
6.43 **

	
0.90

	
5.24 **

	
0.77

	
1.04 **




	
EVGNMT

	
5.50 **

	
6.21 *

	
7.98 **

	
1.48

	
0.44

	
−3.70

	
−0.53

	
−3.24

	
−0.10

	
−0.12




	
DCDSMT

	
5.56 ***

	
6.87 **

	
7.99 **

	
1.11

	
−0.56

	
2.80 *

	
0.53

	
1.97

	
0.54

	
0.26




	
EVGNST

	
1.40

	
0.11

	
3.80 **

	
−0.17

	
−6.61

	
−3.80

	
−1.82

	
−7.67 *

	
5.21 **

	
−1.58




	
CONTRY

	
2.87 *

	
4.99

	
1.83

	
1.96

	
−6.02 **

	
−0.58

	
−0.49

	
−0.80

	
0.67

	
0.27












The annual precipitation of EVGNST exhibited a trend of shifting to the fall with increased fall precipitation but decreased precipitation in other seasons. It also exhibited a significantly increased summer temperature. The precipitation of DCDSTP increased from the spring to fall, which is consistent with the significantly enhanced EVI. Moreover, the mean temperature exhibited a decreasing trend in the spring fall and winter but increased in the summer.



The precipitation of EVGNMT decreased for all of the seasons, and the temperature increased from the spring to winter. The decreasing rainfall may have caused the significantly decreased EVI. For DCDSMT, precipitation and temperature increased for all of the seasons except winter temperature. The increased spring temperature and summer precipitation and the decreased summer temperature may be responsible for the significantly increased spring and summer DSRTTP EVI values. Similarly, the increased rainfall and temperature for DSRTHC may have been responsible for the significantly increased spring and summer EVI.




3.4. Spatiotemporal Trend of the Growing Season Length and its Relationship with Climate


The application of the TIMESAT successively detected the growing season length for four shrubland types (Table 4). The effort failed for the two desert shrubland types, largely because of the small EVI and too noisy EVI values. Subtracting the starting day from the ending day yielded the growing season length for the four shrubland types. The temporal trend of the growing season length was also obtained based on generalized least squares regression. Only the DCDSTP growing season was significantly increased, by 0.46 day·a−1 (Table 4). The growing season was shortened for EVGNMT but was extended for DCDSMT and EVGNST. The altered growing season length may have contributed to the changes in annual average EVI.


Table 4. Temporal trends in the length of growing season in 2001–2013. GSL stands for growing season length and ΔGSL denotes the changes in the growing season length between 2001 and 2013. p values were based on one-tailed hypothesis, and “***” is for p-values less than 0.01.









	
	DCDSTP
	EVGNMT
	DCDSMT
	EVGNST





	GSL (day∙a−1)
	0.46 ***
	−0.32
	0.24
	0.44



	ΔGSL (day)
	5.98
	−4.16
	3.12
	5.72









The seasonal climate significantly affected the growing season length (Table 5). The DCDSTP growing season length was significantly increased with the spring temperature and precipitation, the summer temperature and the fall precipitation. Temperature in the summer and fall and precipitation in the winter, spring, and summer prolonged the EVGNMT growing season. However, the DCDSMT growing season length was significantly increased with the spring temperature and the fall precipitation. The growing season length of EVGNST, which is a warm and wet area, was prolonged by the winter temperature but was shortened by the spring precipitation and the fall temperature.


Table 5. Regressed coefficients of the growing season length on seasonal precipitation (P, day∙mm−1) and mean temperature (T, day∙°C−1). SPR, SMR, FAL, and WNT indicate spring, summer, fall, and winter, respectively. p values were based on one-tailed hypothesis, and “**” and “***” are for p-values less than 0.05 and 0.01, respectively.













	
	T_SPR
	P_SPR
	T_SMR
	P_SMR
	T_FAL
	P_FAL
	T_WNT
	P_WNT





	DCDSTP
	7.72 ***
	0.28 ***
	10.16 ***
	
	
	0.29 ***
	
	



	EVGNMT
	
	0.08 **
	2.61 **
	0.07 ***
	4.66 ***
	
	
	0.25 ***



	DCDSMT
	4.25 ***
	
	
	
	
	0.29 ***
	
	



	EVGNST
	
	−0.09 ***
	
	
	−7.86 **
	
	2.06 **
	














3.5. Regression of Annual Averaged EVI on Growing Season Length and Climate Factors


The model-predicted annual average EVI versus observed ones (Figure 3) indicates that the data points are approximately evenly scattered on the two sides of the 1:1 diagonal lines for the six shrubland types. Therefore, the model performed reasonably well in predicting the shrubland EVI.


Figure 3. Regression of annual averaged EVI of the six shrubland types on pertinent climate variables: Regression predicted vs. observed values. Observed EVI indicates EVI obtained from MODIS and predicted EVI indicates values predicted by generalized least square based regression model.
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Climate factors showed different effects on annual average EVI for the different shrubland types (Table 6). The annual average EVI of EVGNST, DCDSTP, and DCDSMT significantly increased with the growing season length. The annual mean EVI of two desert shrubs increased with precipitation in the summer, and we also detected a positive relationship between DSRTTP and its spring precipitation. The DCDSTP EVI significantly increased with the fall temperature and the summer precipitation but decreased with the spring precipitation. EVGNMT EVI responded to the summer temperature negatively but positively to fall precipitation, whereas DCDSMT EVI was the reverse. Furthermore, EVGNMT EVI decreased with the summer precipitation and DCDSMT EVI decreased with the spring, fall temperature and the fall precipitation. The EVGNST EVI significantly increased with the spring, summer temperature and the spring, fall precipitation.



Table 6. Regression coefficients of annual average EVI on seasonal mean temperature and precipitation. p values were based on one-tailed hypothesis, and “*”, “**”, and “***” are for p-values less than 0.1, 0.05, and 0.01, respectively.



	

	
Intercept

	
GSL 10−3

	
T (EVI 10−3 °C−1)

	
P (10−3 EVI (mm/a)−1)




	
Spring

	
Summer

	
Fall

	
Spring

	
Summer

	
Fall






	
DSRTHC

	
0.065 ***

	
−

	

	

	

	

	
0.07 **

	




	
DSRTTP

	
0.066 ***

	
−

	

	

	

	
0.24 **

	
0.25 ***

	




	
DCDSTP

	
−0.077

	
1.61 ***

	

	

	
7.48 **

	
−0.26 *

	
0.23 ***

	




	
EVGNMT

	
0.497 ***

	

	

	
−11.17 ***

	

	

	
−0.20 ***

	
0.19 **




	
DCDSMT

	
0.217 ***

	
1.02 ***

	
-6.94 ***

	
2.88 **

	
−4.29 **

	

	

	
−0.33 ***




	
EVGNST

	
−0.452

	
1.11 ***

	
1.58 ***

	
12.78 ***

	

	
0.08 *

	

	
0.14 ***














4. Discussion


4.1. Temporal Trends in Increased EVI of the Different Types and the Countrywide Shrublands


Vegetation indices in China increased significantly until the mid-1990s, after which the trend was weakened or even reversed according to previous reports [50,52,62]. Similar changes were observed in North America [63]. Specifically, Peng et al. [50] found that the June to August NOAA AVHRR (Advanced Very High Resolution Radiometer) NDVI (Normalized Difference Vegetation Index) over china decreased at a rate of −0.2 × 10−3 a−1, the April to May NDVI increased at 0.1 × 10−3 a−1 and the growing season (April to October) NDVI increased at 0.4 × 10−3 a−1 since 1990s. Although NOAA AVHRR NDVI and MODIS EVI are not directly comparable, the relationship between MODIS EVI and NOAA AVHRR NDVI can be described as EVI = 0.92 NDVI + 0.001 with R2 of 97% for EVI in the range from 0.1 to 0.85 [64]. The equation indicates that the increasing/decreasing EVI trend would be translated into a stronger corresponding NDVI trend. Therefore, we can translate the trends of summer EVI of the two major shrubland types (temperate deciduous and subtropical evergreen) and the countrywide shrublands in this study into 2.27 × 10−3, 1.21 × 10−3, and 1.01 × 10−3 a−1 of NDVI, respectively. Furthermore, the countrywide EVI trend (April to October) can be translated to NDVI as 1.09 × 10−3 a−1. Hence, the trend of the countrywide shrublands is not only positive and significant but also much stronger than that of the countrywide vegetation reported in the literature.



The significance of the regression coefficients also depends on the methodology used. The generalized least squares method produces greater p-values than ordinary linear regression if the serial correlation is positive, which is the case in this study [65]. Hence, if the result of the generalized least squares regression is statistically significant, the corresponding result of ordinary linear regression, which has been used in the abovementioned literature, should also be significant. The recognized drought resistance of shrubs may have led to the differences between our findings for shrublands and the results for countrywide vegetation in the literature.



Rainfall shifts from the summer to the spring and fall have been hypothesized to favor shrubs in the competition with summer-active grasses [41,66]. In this study, we found a regional case for the rainfall shift from the summer to fall in the subtropical evergreen shrublands, associated with a strong increase in EVI.



The significantly increasing trend of annual average EVI of the subtropical evergreen and temperate deciduous shrublands is mostly because of the significantly enhanced EVI in the summer and fall (Table 2). Furthermore, the significantly increased summer and fall EVI also coincided with the increased summer temperature and the rainfall shift from the summer to the fall for the former, and the increased rainfall in both the summer and the fall for the latter (Table 3 and Table 6).



Unlike the increasing trend of two major shrublands and two desert types, the annual average EVI of two subalpine shrublands decreased over the 13-year period (only EVGNMT was significant, p < 0.1). The continuously reduced precipitation and the increased temperature in the four seasons (Table 3) might lead to a drier condition, and finally resulted in the EVI reduction of the two subalpine shrublands. Similarly, the decreasing trend (although insignificant) of the subalpine deciduous shrublands may have been caused by a combination of the spring and summer warming and a marginally increased precipitation during the growing season (Table 3, Table 5 and Table 6). These shrublands are located in the steep slopes of the eastern Tibet Plateau, and the harsh environment is extremely sensitive to soil erosion and water retention.



The two desert shrublands are located in the arid region and is mainly limited by water. Hence, the EVI of the two desert shrublands was sensitive to precipitation, and the small increase in precipitation in the spring and summer led to a significant increase in EVI in the spring and summer (Table 2, Table 3 and Table 6). Although a significantly increasing trend in the temperature in DSRTHC was found, the EVI showed no relationship with the temperature.




4.2. Growing Seasonal Length and Climate Explained the Changes in Annual Average EVI


The changes in the growing season length are responsible for the changes in the annual average EVI (Table 6) of the subtropical evergreen, temperate deciduous, and subalpine deciduous shrublands, conforming the current understanding [67]. The annual average EVI increased significantly with the growing season length for the three shrubland types.



The growing season length is not the only explanation for the changes in the shrubland EVI (Table 6). Seasonal temperature in the spring and summer contribute to the additional increase in annual EVGNST EVI, as well as precipitation in the spring and fall. Increased fall temperature and summer precipitation positively affected the annual DCDSTP EVI, while the spring precipitation reduced it. The summer precipitation contributed significantly to the EVI of two desert shrublands largely because their active growth mostly occurs in the summer. We failed to extract the phenology of two desert shrublands due to the noisy EVI time series caused by sparse vegetation coverage. Nevertheless, the rainfall increase in the winter and spring may advance the starting day of DSRTHC, which was suggested by former study that in the water limited areas increasing precipitation in preceding months can advance the growing season [68]. In addition, the increased spring temperature may advance the starting day of DSRTHC and eventually lead to the EVI increase in the spring (Table 2 and Table 3) [62,69]. Similarly, a weaker increase in the winter rainfall and spring temperature led to a small increase in the spring DSRTTP EVI. The continuous warming and precipitation reduction throughout the year led to a drier condition, and eventually resulted in a reduction in the annual average EVGNMT EVI (Table 2, Table 5 and Table 6). However, Table 5 shows all positive coefficients for climate variables for EVGNMT, and the significantly increased temperature and non-significantly changed precipitation indicates that the growing season length of EVGNMT should have extended, but the growing season length of EVGNMT was decreased (Table 3 and Table 4). Hence, the EVGNMT EVI variation was not only derived by regional climate dynamics but also other factors, such as topography (EVGNMT located in the southeast of Tibet-plateau), which is complicated in high mountainous regions and can affect regional climate through altering spatial patterns of local hydrothermal conditions and finally have effect on vegetation variation [70] and human activity is an important factor of vegetation variation which was ignored in our study. The Tibet plateau is a sensitive region; human activity may affect the vegetation variation through land use change, soil erosion and so on. In summary, increasing temperature and marginally decreased precipitation can partly explain the decrease of EVGNMT EVI, and the other factors such as land use change and deforestation need further research in more detail.





5. Conclusions


In this paper, we analyzed the spatiotemporal trend of MODIS (Moderate Resolution Imaging Spectroradiometer) EVI (Enhanced Vegetation Index) of six shrubland types in China from 2001 to 2013 and its relationship to intra- and inter-annual regional climate dynamics, which confirmed our hypotheses. The shrublands EVI of China increased significantly from 2001 to 2013 at a rate of 1.01 × 10−3 EVI∙a−1. The two main shrubland types (subtropical evergreen and temperate deciduous shrublands) increased at a very high speed of 1.88 and 1.89 × 10−3 EVI∙a−1, respectively. In addition, the EVI of two desert shrub types also increased significantly, whereas the subalpine evergreen shrubland EVI decreased significantly. We also detected a lengthened growing season of temperate deciduous shrubland, which partly followed the second hypothesis. The last hypothesis, that regional climate dynamics and growing season length significantly affected the annual averaged shrublands EVI, was also verified. The precipitation variation played a more important role in the EVI variation than temperature, which can be attributed to the water-limited habitat of shrublands.



The increased annual average EVI of the shrublands in China may have significantly enhanced their contribution to the regional ecosystem production and carbon sequestration. The strong increasing trend of EVI for the temperate deciduous shrubland in northern China may point on increasing capacity for their expansion into grasslands, so as the extended growing season to fall that may favor shrublands in competition with the summer-active grassland.







Acknowledgments


This work is supported by the National Science Foundation of China under the project of Water and Carbon Balance of the Chinese Shrublands (No 41171445) and the NSFC project No. 41321001.




Author Contributions


Yalin Wang and Qiong Gao designed the research. Yalin Wang performed the research. Ting Liu assisted with processing part of the data. All authors analyzed, interpreted, and reviewed the data. Yalin Wang and Qiong Gao authored the manuscript.




Conflicts of Interest


The authors declare no conflict of interest.




References


	1. 
Dai, A. Drought under global warming: A Review. Wiley Interdiscip. Rev. Clim. Change 2011, 2, 45–65. [Google Scholar] [CrossRef]

	2. 
Angert, A; Biraud, S.; Bonfils, C.; Henning, C.C.; Buermann, W.; Pinzon, J.; Tucker, C.J.; Fung, I. Drier summers cancel out the CO2 uptake enhancement induced by warmer springs. Proc. Natl. Acad. Sci. USA 2005, 102, 10823–10827. [Google Scholar]

	3. 
Mitchell, P.J.; O’Grady, A.P.; Hayes, K.R.; Pinkard, E.A. Exposure of trees to drought-induced die-off is defined by a common climatic threshold across different vegetation types. Ecol. Evol. 2014, 4, 1088–1101. [Google Scholar] [CrossRef] [PubMed]

	4. 
Mitchell, P.J.; O’Grady, A.P.; Tissue, D.T.; White, D.A.; Ottenschlaeger, M.L.; Pinkard, E.A. Drought response strategies define the relative contributions of hydraulic dysfunction and carbohydrate depletion during tree mortality. New Phytol. 2013, 197, 862–872. [Google Scholar] [CrossRef] [PubMed]

	5. 
Breshears, D.D.; Cobb, N.S.; Rich, P.M.; Price, K.P.; Allen, C.D.; Balice, R.G.; Romme, W.H.; Kastens, J.H.; Floyd, M.L.; Belnap, J.; et al. Regional vegetation die-off in response to global-change-type drought. Proc. Natl. Acad. Sci. USA 2005, 102, 15144–15148. [Google Scholar] [CrossRef] [PubMed]

	6. 
Zhao, M.; Running, S.W. Drought-Induced Reduction in global terrestrial net primary production from 2000 through 2009. Science 2010, 329, 940–943. [Google Scholar] [CrossRef] [PubMed]

	7. 
Allen, C.D.; Macalady, A.K.; Chenchouni, H.; Bachelet, D.; McDowell, N.; Vennetier, M.; Kitzberger, T.; Rigling, A.; Breshears, D.D.; Hogg, E.H.; et al. A global overview of drought and heat-induced tree mortality reveals emerging climate change risks for forests. For. Ecol. Manag. 2010, 259, 660–684. [Google Scholar] [CrossRef]

	8. 
Reynolds, J.F.; Smith, D.M. S.; Lambin, E.F.; Turner, B.L.; Mortimore, M.; Batterbury, S.P.J.; Downing, T.E.; Dowlatabadi, H.; Fernández, R.J.; Herrick, J.E.; et al. Global desertification: Building a science for dryland development. Science 2007, 316, 847–851. [Google Scholar] [CrossRef] [PubMed]

	9. 
McManus, K.M.; Morton, D.C.; Masek, J.G.; Wang, D.; Sexton, J.O.; Nagol, J.R.; Ropars, P.; Boudreau, S. Satellite-based evidence for shrub and graminoid tundra expansion in northern Quebec from 1986 to 2010. Glob. Change Biol. 2012, 18, 2313–2323. [Google Scholar] [CrossRef]

	10. 
Alados, C.L.; Pueyo, Y.; Barrantes, O.; Escós, J.; Giner, L.; Robles, A.B. Variations in landscape patterns and vegetation cover between 1957 and 1994 in a semiarid Mediterranean ecosystem. Landsc. Ecol. 2004, 19, 545–561. [Google Scholar] [CrossRef]

	11. 
Mouillot, F.; Ratte, J.P.; Joffre, R.; Moreno, J.M.; Rambal, S. Some determinants of the spatio-temporal fire cycle in a mediterranean landscape (Corsica, France). Landsc. Ecol. 2003, 18, 665–674. [Google Scholar] [CrossRef]

	12. 
Moreira, F.; Rego, F.C.; Ferreira, P.G. Temporal (1958–1995) pattern of change in a cultural landscape of northwestern Portugal: Implications for fire occurrence. Landsc. Ecol. 2001, 16, 557–567. [Google Scholar] [CrossRef]

	13. 
Archer, S. Woody plant encroachment into southwestern grasslands and savannas; rates, patterns and proximate causes. In Ecological Implications of Livestock Herbivory in the West; Society for Range Management: Littleton, CO, USA, 1994; pp. 13–68. [Google Scholar]

	14. 
Jackson, R.B.; Banner, J.L.; Jobbágy, E.G.; Pockman, W.T.; Wall, D.H. Ecosystem carbon loss with woody plant invasion of grasslands. Nature 2002, 418, 623–626. [Google Scholar] [CrossRef] [PubMed]

	15. 
Soliveres, S.; Eldridge, D.J. Do changes in grazing pressure and the degree of shrub encroachment alter the effects of individual shrubs on understorey plant communities and soil function? Funct. Ecol. 2014, 28, 530–537. [Google Scholar] [CrossRef] [PubMed]

	16. 
Eldridge, D.J.; Bowker, M.A.; Maestre, F.T.; Roger, E.; Reynolds, J.F.; Whitford, W.G. Impacts of shrub encroachment on ecosystem structure and functioning: Towards a global synthesis. Ecol. Lett. 2011, 14, 709–722. [Google Scholar] [CrossRef] [PubMed]

	17. 
Maestre, F.T.; Bowker, M.A.; Puche, M.D.; Belén Hinojosa, M.; Martínez, I.; García-Palacios, P.; Castillo, A.P.; Soliveres, S.; Luzuriaga, A.L.; Sánchez, A.M.; et al. Shrub encroachment can reverse desertification in semi-arid Mediterranean grasslands. Ecol. Lett. 2009, 12, 930–941. [Google Scholar] [CrossRef] [PubMed]

	18. 
Pivovaroff, A.; Sack, L.; Santiago, L. Coordination of stem and leaf hydraulic conductance in southern California shrubs: A test of the hydraulic segmentation hypothesis. New Phytol. 2014, 203, 842–850. [Google Scholar] [CrossRef] [PubMed]

	19. 
Ganskopp, D.; Miller, R. Estimating leaf area of big sagebrush from measurement of sapwood. J. Range Manag. 1986, 39, 338–340. [Google Scholar] [CrossRef]

	20. 
Schenk, H.J.; Jackson, R.B. Rooting depths, lateral root spreads and below-ground/above-ground allometries of plants in water-limited ecosystems. J. Ecol. 2002, 90, 480–494. [Google Scholar] [CrossRef]

	21. 
Jackson, R.B.; Canadell, J.; Ehleringer, J.R.; Mooney, H.A.; Sala, O.E.; Schulze, E.D. A global analysis of root distributions for terrestrial biomes. Oecologia 1996, 108, 389–411. [Google Scholar] [CrossRef]

	22. 
Meadows, J.S.; Hodges, J.D. Sapwood area as an estimator of leaf area and foliar weight in cherrybark oak and green ash. For. Sci. 2002, 48, 69–76. [Google Scholar]

	23. 
Monserud, R.A.; Marshall, J.D. Allometric crown relations in three northern Idaho conifer species. Can. J. For. Res. 1999, 29, 521–535. [Google Scholar] [CrossRef]

	24. 
Gao, Q.; Yu, M.; Zhou, C. Detecting the differences in responses of stomatal conductance to moisture stresses between deciduous shrubs and Artemisia subshrubs. PLoS ONE 2013, 8, e84200. [Google Scholar] [CrossRef] [PubMed]

	25. 
Gao, Q.; Yu, M.; Zhang, X.; Xu, H.; Huang, Y. Modelling seasonal and diurnal dynamics of stomatal conductance of plants in a semiarid environment. Funct. Plant. Biol. 2005, 32, 583–598. [Google Scholar] [CrossRef]

	26. 
Gao, Q.; Zhao, P.; Zeng, X.; Cai, X.; Shen, W. A model of stomatal conductance to quantify the relationship between leaf transpiration, microclimate and soil water stress. Plant. Cell. Environ. 2002, 25, 1373–1381. [Google Scholar] [CrossRef]

	27. 
Kemp, P.R.; Reynolds, J.F.; Pachepsky, Y.; Chen, J.L. A comparative modeling study of soil water dynamics in a desert ecosystem. Water Resour. Res. 1997, 33, 73–90. [Google Scholar] [CrossRef]

	28. 
Huete, A.; Didan, K.; Miura, T.; Rodriguez, E.P.; Gao, X.; Ferreira, L.G. Overview of the radiometric and biophysical performance of the MODIS vegetation indices. Remote Sens. Environ. 2002, 83, 195–213. [Google Scholar] [CrossRef]

	29. 
Wallace, C.S.A.; Thomas, K.A. An annual plant growth proxy in the Mojave Desert using MODIS-EVI data. Sensors 2008, 8, 7792–7808. [Google Scholar] [CrossRef]

	30. 
Lu, L.; Kuenzer, C.; Wang, C.; Guo, H.; Li, Q. Evaluation of three MODIS-derived vegetation index time series for dryland vegetation dynamics monitoring. Remote Sens. 2015, 7, 7597–7614. [Google Scholar] [CrossRef]

	31. 
Wu, C.; Munger, J.W.; Niu, Z.; Kuang, D. Comparison of multiple models for estimating gross primary production using MODIS and eddy covariance data in Harvard Forest. Remote Sens. Environ. 2010, 114, 2925–2939. [Google Scholar] [CrossRef]

	32. 
Sims, D.A.; Rahman, A.; Cordova, V.D.; el-Masri, B.Z.; Baldocchi, D.D.; Bolstad, P.V.; Flanagan, L.B.; Goldstein, A.H.; Hollinger, D.Y.; Misson, L.; et al. A new model of gross primary productivity for North American ecosystems based solely on the enhanced vegeattion index and land surface tempeature from MODIS. Remote Sens. Environ. 2008, 112, 1633–1646. [Google Scholar] [CrossRef]

	33. 
Turner, D.P.; Ritts, W.D.; Cohen, W.B.; Gower, S.T.; Running, S.W.; Zhao, M.; Costa, M.H.; Kirschbaum, A.A.; Ham, J.M.; Saleska, S.R.; et al. Evaluation of MODIS NPP and GPP products across multiple biomes. Remote Sens. Environ. 2006, 102, 282–292. [Google Scholar] [CrossRef]

	34. 
Muraoka, H.; Noda, H.M.; Nagai, S.; Motohka, T.; Saitoh, T.M.; Nasahara, K.N.; Saigusa, N. Spectral vegetation indices as the indicator of canopy photosynthetic productivity in a deciduous broadleaf forest. J. Plant. Ecol. 2013, 6, 393–407. [Google Scholar] [CrossRef]

	35. 
Liu, J.; Sun, O.J.; Jin, H.; Zhou, Z.; Han, X. Application of two remote sensing GPP algorithms at a semiarid grassland site of North China. J. Plant. Ecol. 2011, 4, 302–312. [Google Scholar] [CrossRef]

	36. 
Liu, Z.; Wang, L.; Wang, S. Comparison of different GPP models in china using MODIS image and ChinaFLUX data. Remote Sens. 2014, 6, 10215–10231. [Google Scholar] [CrossRef]

	37. 
Wang, X.; Cheng, G.; Li, X.; Lu, L.; Ma, M. An algorithm for gross primary production (GPP) and net ecosystem production (NEP) estimations in the midstream of the Heihe river basin, China. Remote Sens. 2015, 7, 3651–3669. [Google Scholar] [CrossRef]

	38. 
Yang, Y.; Long, D.; Shang, S. Remote estimation of terrestrial evapotranspiration without using meteorological data. Geophys. Res. Lett. 2013, 40, 3026–3030. [Google Scholar] [CrossRef]

	39. 
Shen, M.; Tang, Y.; Desai, A.R.; Gough, C.; Chen, J. Can EVI-derived land-surface phenology be used as a surrogate for phenology of canopy photosynthesis? Int. J. Remote Sens. 2014, 35, 1162–1174. [Google Scholar] [CrossRef]

	40. 
Reyes-Fox, M.; Steltzer, H.; Trlica, M.J.; McMaster, G.S.; Andales, A.A.; LeCain, D.R.; Morgan, J.A. Elevated CO2 further lengthens growing season under warming conditions. Nature 2014, 510, 259–262. [Google Scholar] [CrossRef] [PubMed]

	41. 
Neilson, R.P. High-resolution climatic analysis and Southwest biogeography. Science 1986, 232, 27–34. [Google Scholar] [CrossRef] [PubMed]

	42. 
Compling Committee of China Vegetation Map. China Vegetation and Geographical Patterns—1:1M China Vegetation Map of China; Geological Press: Beijing, China, 2007. [Google Scholar]

	43. 
Piao, S.; Fang, J.; Ciais, P.; Peylin, P.; Huang, Y.; Sitch, S.; Wang, T. The carbon balance of terrestrial ecosystems in China. Nature 2009, 458, 1009–1013. [Google Scholar] [CrossRef] [PubMed]

	44. 
Ci, L.; Yang, X. Desertification and Its Control in China; Springer and China High Education Press: Beijing, China, 2010. [Google Scholar]

	45. 
Zhang, X.S. Principles and optimal models for development of Maowusu sandy grassland. Acta Phytoecol. Sin. 1994, 18, 1–16. [Google Scholar]

	46. 
Lin, Q. Enhanced vegetation index using moderate resolution imaging spectroradiometers. In Proceedings of the 2012 5TH International Congress on Image Signal Processing, Chongqing, China, 16–18 October 2012; pp. 1043–1046.

	47. 
LAADS Web. Available online: http://ladsweb.nascom.nasa.gov (accessed on 13 May 2014).

	48. 
Samanta, A.; Ganguly, S.; Hashimoto, H.; Devadiga, S.; Vermote, E.; Knyazikhin, Y.; Nemani, R.R.; Myneni, R.B. Amazon forests did not green-up during the 2005 drought. Geophys. Res. Lett. 2010, 37, 1–5. [Google Scholar] [CrossRef]

	49. 
Zhao, M.; Heinsch, F.A.; Nemani, R.R.; Running, S.W. Improvements of the MODIS terrestrial gross and net primary production global data set. Remote Sens. Environ. 2005, 95, 164–176. [Google Scholar] [CrossRef]

	50. 
Peng, S.; Chen, A.; Xu, L.; Cao, C.; Fang, J.; Myneni, R.B.; Pinzon, J.E.; Tucker, C.J.; Piao, S. Recent change of vegetation growth trend in China. Environ. Res. Lett. 2011, 6, 044027. [Google Scholar] [CrossRef]

	51. 
Meteorological Data Center. Available online: http://cdc.cma.gov.cn (accessed on 14 May 2014).

	52. 
Piao, S.; Wang, X.; Ciais, P.; Zhu, B.; Wang, T.; Liu, J. Changes in satellite-derived vegetation growth trend in temperate and boreal Eurasia from 1982 to 2006. Glob. Change Biol. 2011, 17, 3228–3239. [Google Scholar] [CrossRef]

	53. 
Zhang, G.; Zhang, Y.; Dong, J.; Xiao, X. Green-up dates in the Tibetan Plateau have continuously advanced from 1982 to 2011. Proc. Natl. Acad. Sci. USA 2013, 110, 4309–4314. [Google Scholar] [CrossRef] [PubMed]

	54. 
Jönsson, P.; Eklundh, L. TIMESAT—A program for analyzing time-series of satellite sensor data. Comput. Geosci. 2004, 30, 833–845. [Google Scholar] [CrossRef]

	55. 
Chang, C.T.; Wang, H.C.; Huang, C. Impacts of vegetation onset time on the net primary productivity in a mountainous island in Pacific Asia. Environ. Res. Lett. 2013, 8, 045030. [Google Scholar] [CrossRef]

	56. 
Tang, X.; Wang, X.; Wang, Z.; Liu, D.; Jia, M.; Dong, Z.; Xie, J.; Ding, Z.; Wang, H.; Liu, X. Influence of vegetation phenFology on modelling carbon fluxes in temperate deciduous forest by exclusive use of MODIS time-series data. Int. J. Remote Sens. 2013, 34, 8373–8392. [Google Scholar] [CrossRef]

	57. 
Dubovyk, O.; Landmann, T.; Erasmus, B.F.N.; Tewes, A.; Schellberg, J. Monitoring vegetation dynamics with medium resolution MODIS-EVI time series at sub-regional scale in southern Africa. Int. J. Appl. Earth Obs. Geoinf. 2015, 38, 175–183. [Google Scholar] [CrossRef]

	58. 
Fensholt, R.; Proud, S.R. Evaluation of Earth Observation based global long term vegetation trends—Comparing GIMMS and MODIS global NDVI time series. Remote Sens. Environ. 2012, 119, 131–147. [Google Scholar] [CrossRef]

	59. 
Jiang, W.; Yuan, L.; Wang, W.; Cao, R.; Zhang, Y.; Shen, W. Spatio-temporal analysis of vegetation variation in the Yellow River Basin. Ecol. Indic. 2015, 51, 117–126. [Google Scholar] [CrossRef]

	60. 
Hipel, K.W.; McLeod, A.I. Time Series Modelling of Water Resources and Environmental Systems; Elsevier: Amsterdam, The Netherlands, 2005. [Google Scholar]

	61. 
R Development Core Team. R: A Language and Evironment for Statistical Computing; R. Foundation for Statistical Computing: Vienna, Austria, 2008. [Google Scholar]

	62. 
Piao, S. Interannual variations of monthly and seasonal normalized difference vegetation index (NDVI) in China from 1982 to 1999. J. Geophys. Res. 2003, 108, 4401. [Google Scholar] [CrossRef]

	63. 
Wang, X.; Piao, S.; Ciais, P.; Li, J.; Friedlingstein, P.; Koven, C.; Chen, A. Spring temperature change and its implication in the change of vegetation growth in North America from 1982 to 2006. Proc. Natl. Acad. Sci. USA 2011, 108, 1240–1245. [Google Scholar] [CrossRef] [PubMed]

	64. 
Fensholt, R.; Sandholt, I. Evaluation of MODIS and NOAA AVHRR vegetation indices with in situ measurements in a semi-arid environment. Int. J. Remote Sens. 2005, 26, 2561–2594. [Google Scholar] [CrossRef]

	65. 
Zhang, Y.; Gao, Q.; Xu, L.; Yu, M.; Tian, Y. Shrubs proliferated within a six-year exclosure in a temperate grassland—Spatiotemporal relationships between vegetation and soil variables. Sci. Cold Arid Reg. 2014, 6, 139–149. [Google Scholar]

	66. 
Gao, Q.; Reynolds, J.F. Historical shrub-grass transitions in the northern Chihuahuan Desert: Modeling the effects of shifting rainfall seasonality and event size over a landscape gradient. Glob. Change Biol. 2003, 9, 1475–1493. [Google Scholar] [CrossRef]

	67. 
Chapin, F.S.; Matson, P.A.; Mooney, H.A. Principles of Terrestrial Ecosystem Ecology; Springer: New York, NY, USA, 2002. [Google Scholar]

	68. 
Piao, S.; Fang, J.; Zhou, L.; Ciais, P.; Zhu, B. Variations in satellite-derived phenology in China’s temperate vegetation. Glob. Change Biol. 2006, 12, 672–685. [Google Scholar] [CrossRef]

	69. 
Zhou, L.; Tucker, C.J.; Kaufmann, R.K.; Slayback, D.; Shabanov, N.V.; Myneni, R.B. Variations in northern vegetation activity inferred from satellite data of vegetation index during 1981 to 1999. J. Geophys. Res. 2001, 106, 20069–20083. [Google Scholar] [CrossRef]

	70. 
Peng, J.; Liu, Z.; Liu, Y.; Wu, J.; Han, Y. Trend analysis of vegetation dynamics in Qinghai-Tibet Plateau using Hurst Exponent. Ecol. Indic. 2012, 14, 28–39. [Google Scholar] [CrossRef]





© 2016 by the authors; licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons by Attribution (CC-BY) license (http://creativecommons.org/licenses/by/4.0/).







nav.xhtml


  remotesensing-08-00121


  
    		
      remotesensing-08-00121
    


  




  





media/file3.png
0.10+

0.45 -
© DSRTHC © DCDSTP
4 DSRTTP 2 A EVGNMT
- A -
e = _047 o pepsmr
= >
w w + EVGNST
2 Y, B
$008- 5035
=} el
o 4
o o
0 o
0.07- o5 0.30 -
0.06 - 0.25
T T T T T T T
0.06 07 008 00 0.10 0.25
Observed EVI





media/file0.png
40°N

30°N

20°N

B Significantly improved

[ Insignificantly improved

B Unch;

Insignificantly degraded o
L

. S'g y deg

1 1
80°E 90°E






media/file1.png





media/file2.png
S 0.245
w

»
N
]

(a

o O ()
© © 18.00 o
o o5 Gier, o
. ° Egus . o o
° o ©
B 2 é’-ﬂ.so .
2 @ 00°
T T T = 1725 1 T 1 )
2005 2010 2015 2000 2005 2010 2015
Year Year
o
L [ o
——0p—2o o
® B
o o

! T !
2005 2010 2015
Year





