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Abstract

:

By using the Global Inventory Modeling and Mapping Studies (GIMMS) third-generation normalized difference vegetation index (NDVI3g) data, this paper explores the spatiotemporal variations in vegetation and their relationship with temperature and precipitation between 1982 and 2015 in the Inner Mongolia region of China. Based on yearly scale data, the vegetation changes in Inner Mongolia have experienced three stages from 1982 to 2015: the vegetation activity kept a continuous improvement from 1982–1999, then downward between 1999–2009, and upward from 2009 to 2015. On the whole, the general trend is increasing. Several areas even witnessed significant vegetation increases: in the east and south of Tongliao and Chifeng, north of Xing’anmeng, north and west of Hulunbir, and in the west of Inner Mongolia. Based on monthly scale data, one-year and half-year cycles exist in normalized difference vegetation index (NDVI) and temperature but only a one-year cycle in precipitation. Finally, based on the one-year cycle, the relationship between NDVI and climatic were studied; NDVI has a significant positive correlation with temperature and precipitation, and temperature has a greater effect in promoting vegetation growth than precipitation. Moreover, based on a half-year changing period, NDVI is only affected by temperature in the study region. Those findings can serve as a critical reference for grassland managers or policy makers to make informed decisions on grassland management.
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1. Introduction


Vegetation is one of the most critical elements of terrestrial ecosystems and plays an important role in material cycling and energy flow [1,2,3,4]. Spatiotemporal variations in vegetation growth can affect the terrestrial carbon cycle and other biochemical processes [5], thus explaining why the study of its dynamics is an emerging issue in the field of environmental analysis. Vegetation changes are constantly affected by differences in factors such as precipitation, temperature, and human activities [6,7].



Vegetation change dynamics are important indicators for assessing these eco-environmental changes. Long-time series data of vegetation cover are often used to detect the dynamic vegetation changes and extract change characteristics and patterns [8,9,10]. Vegetation indices, such as the normalized difference vegetation index (NDVI), are important characteristic parameters for revealing surface vegetation features [11]. Some prior research results confirm that changes in NDVI time series could indicate variations in vegetation conditions proportionally to the absorption of radiation used for photosynthesis [12]. The NDVI is also very sensitive to the physical characteristics of vegetation: sensor observation angles, solar radiation, and different soil backgrounds [13,14]. Several vegetation properties, such as the length of the growing season, onset date of greenness, and date of maximum photosynthetic activity, can be derived from the NDVI time series to monitor vegetation changes [15,16,17,18].



Remote sensing techniques have provided unique insights to global environmental change research during the past thirty years [19]. Remote sensing data products have become important and very useful data sources in monitoring the changes in global vegetation coverage. These data have significantly improved our understanding of intra-annual and interannual variations in vegetation from a regional to global scale in the past three decades [20,21,22,23]. NDVI imagery data in particular, which are acquired by different remote sensors, are the most widely used data in many research fields, such as vegetation dynamic monitoring, ecological environment evaluation, spatial distribution and pattern analysis, and dynamic evolution [8].



The Inner Mongolia grassland is the third largest in the world and supports the world’s largest population of sheep and goats as well as the fourth largest population of cattle [21]. At present, it is considered an important timber and livestock region in China. The main portion of Inner Mongolia is characterized by a typical continental climate with infrequent precipitation and frequent drought and with windy episodes during winter and spring. The primary vegetation includes grass, trees, shrubs, and cropland. In the past few decades, it has experienced dramatic climate change, which has been more pronounced there than in most other areas in China [7,24,25,26,27]. For this reason, many remote sensing data archives have been processed to examine various aspects of the vegetation cover change dynamics [28,29,30,31], such as habitat maps [32], the degradation of grassland [33,34], phenology patterns [21], and the driving forces of vegetation changes [35,36,37]. For instance, time series Moderate Resolution Imaging Spectroradiometer (MODIS) NDVI datasets from 2000–2008 and statistical methods were used to investigate the changes in spatiotemporal characteristics of the entire Inner Mongolia area [11]. National Oceanic and Atmospheric Administration (NOAA) data were used to analyze the changes in the regularity of the spatiotemporal variations from 1982–1999, and SPOT4 VGT data were used to assess the influence of climate trends, land cover changes, and so on [38].



Most researchers agree that climate change is one of the main drivers of the interannual variation in vegetation activity. Studying the correlation between the NDVI and climate factors could aid in finding the key factors that control the changes in the terrestrial ecosystem carbon cycle and shed light on the mechanisms controlling the response of terrestrial carbon storage to climate variability [39]. Many analyses have explored the relationship between the NDVI and climate factors in different geographic areas and ecosystems. For example, many studies have used the NDVI to monitor the vegetation response to climatic fluctuations in regional zones such as China [40], US [41] and Northern Patagonia [42] and at a global scale [43]. However, the mechanisms behind the relationship between the vegetation and climate change are far from clear [43]. Most previous studies have related the NDVI with climate factors during the growing season or over time. Few studies have considered different time periods for different climate factors like precipitation and temperature, which impacts the response of the NDVI.



Previous studies have suggested that the vegetation activity in most regions has a close relationship with the climate factors, but the connection between climate change and vegetation growth in the Inner Mongolian grasslands has not been adequately quantified, especially with respect to how the climate factors change in different time periods. Furthermore, no effort has been made to investigate the effects of climate change on the relationship between vegetation growth and climate variables and its spatial patterns.



This paper has three objectives. The first is to analyze the vegetation change from 1982 to 2015 and its spatiotemporal distribution. The second is to examine the correlation between the NDVI and climate factors, taking into account the factor’s features in a specific time period. The last objective is to determine the factor with the most impact on vegetation growth. We hope that those findings can serve as a critical reference for grassland managers or policy makers to make informed decisions on grassland management.




2. Materials and Methods


2.1. Study Area


The Inner Mongolia Autonomous Region (37°01’N to 53°02’N and 95°02’E to 123°37’E) is located in the northern border region of China (Figure 1). The Inner Mongolia grassland is the largest grassland pastoral area in China, located in the middle of the Eurasian grassland belt, which is the transition zone between the northwestern arid zone, the northeastern humid zone, and the dry farming region in North China [44]. The area consists predominantly of plains, with the elevation ranging from 532 to 1725 m, and the total area is approximately 1183000 km2. The plateau has a decreasing west-to-east gradient and is geomorphologic ally composed of mountains in the east, low rolling hills in the centre, and high plains in the west. Following this gradient, the soil types change from chernozems to calcic kastanozems and brown calcic kastanozems [45]. It belongs to a typical semi-arid temperate grassland ecosystem in the middle latitudes with annual precipitation amounts of 100–450 mm, which decreases from east to west, and annual mean temperatures of 0–8 °C, which increases from east to west. The Inner Mongolia Plateau is notable for its vegetation diversity, which includes forest, steppe, desert, and wetlands [21].




2.2. Datasets


2.2.1. GIMMS NDVI Version 3


GIMMS NDVI3g [46] is the latest version of the Global Inventory Modeling and Mapping Studies from NOAA/Advanced very high-resolution radiometer (https://ecocast.arc.nasa.gov/data/pub/gimms/3g.v1/), and it provides the NDVI time series data used in this paper. Its spatial resolution is 8 km, and its temporal resolution is 15 days (from July 1981 to December 2015). This dataset is a revised and updated extension of a previous version of the NDVI [47].



In this paper, we selected GIMMS NDVI3g data from 1982–2015 between April and October, using the Maximum Value Composite method to reduce the cloud and aerosol contamination; this resulted in 238 NDVI monthly datasets for our study area. After this, we calculated the sum of the monthly NDVI values from April to October in order to derive an annual scale NDVI dataset. In addition, we used the Fast Fourier Transform (FFT) and Complete Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEMDAN) methods to extract the periodicity and trend of the NDVI data and combined them with the trend line analysis method and the Hurst index method to study and analyze the changes in the vegetation NDVI in the study area from 1982–2015.




2.2.2. Meteorological Datasets


Monthly meteorological datasets were obtained from the National Meteorological Data Sharing Service Platform (http://data.cma.cn/), including monthly mean temperature and precipitation data between 1982–2015 (April–October) for 47 meteorological stations in Inner Mongolia (Figure 1). In order for these data to match the NDVI data (i.e., at a spatial resolution of 8 km) we employed the Kriging interpolation method within the ARCGIS software; this resulted in temperature and precipitation datasets for the entire study region. The annual precipitation is the cumulative monthly precipitation value from April to October, and the annual temperature is the average value of the monthly temperatures. By using these data and utilizing the FFT and CEEMDAN methods, we were then able to extract their periodicity information and resulting trends. This, therefore, enabled us to investigate the response of the grassland vegetation to climatic factors in the study area from 1982–2015.





2.3. Methods


2.3.1. Fast Fourier Transformation


A Discrete Fourier Transform (DFT) can transform the time signal to the frequency domain, a form in which the Fourier transform is discrete in both the time and frequency domains. FFT, a quick and effective algorithm to achieve DFT and to reduce its calculation time, was proposed by Cooley and Tukey in 1965 [48]; at present, the Radix-2 FFT Algorithm and Split Radix FFT algorithm are used most often [49,50,51]. We chose the Radix-2 FFT Algorithm in this paper, and the details of this algorithm can be found in Reference [51].




2.3.2. Complete Ensemble Empirical Mode Decomposition with Adaptive Noise


CEEMDAN is based on the Empirical Mode Decomposition (EMD) method [52]. EMD is an algorithm that decomposes complex signals into a number of Intrinsic Mode Functions (IMFs) that represent different time scales of the original signal [53]. As a time domain signal analysis technique, it is not the same as the Fourier method and the discrete wavelet transform described earlier. EMD can be adapted for analyzing nonlinear and nonstationary data sets and has been broadly applied in many fields in recent years.



The principle of EMD is to decompose the signal into a group of similar Sinusoidal signals; trend signal functions, which are defined by the signal itself and named the intrinsic mode functions (IMFs); and a residue [54]. In the process of decomposing the original signal, the original time scale is gradually decreasing. In other words, the time scale in the first IMF is coarser than the original. As a result, as the order of the IMFs increases, their corresponding frequencies gradually decrease, and the residual component has the lowest frequency. EMD of one-dimensional signal x can be expressed as [55]:


x=∑i=1nci+rk



(1)




where c is the IMF and r is a monotonic residual function.



The IMFs of CEEMDAN are denoted by IMF1˜. We define Ej(⋅) as the jth modal operator generated by EMD. ωi(n)(i = 1, 2, ..., I) is the different realizations of white Gaussian noise with zero mean and unit variance, and ε0 is the standard deviation of the white Gaussian noise. The CEEMDAN algorithm is described as follows [48]:

	
Calculate x(n)+ε0ωi(n);



	
Decompose the signals to obtain the first modes by EMD, calculating the first mode function IMF1˜ by CEEMDAN as IMF1˜(n):


IMF1˜(n)=1I∑i=1IIMF1i(n)=IMF1¯(n);



(2)







	
Calculate the first residual as r1(n):


r1(n)=x(n)−IMF1˜(n) ;



(3)







	
Decompose realizations r1(n)+ε1E1(ωi(n)) (i = 1, 2, ..., I) to the first EMD mode, where ε1 is the standard deviation of the white Gaussian noise for the first stage, and the second mode is IMF2˜(n):


IMF2˜(n)=1I∑i=1IE1(r1(n)+ε1E1(ωi(n));



(4)







	
Compute the kth residual (k = 2, 3, ..., K) as the rk(n):


rk(n)=rk−1(n)−IMFk˜(n) ;



(5)







	
According to formula (4), the (k+1)th mode is IMFk+1˜(n), and εk is the standard deviation of the white Gaussian noise for the kth stage with k = 1, 2, ..., K:


IMFk+1˜(n)=1I∑i=1IE1(rk(n)+εkEk(ωi(n)));



(6)







	
Repeat Equations (5),(6) until the obtained residual is a monotonic function that cannot be further decomposed by EMD. If k is the total number of modes and rk(n) is the final residual, the target signal will be described as follows:


x(n)=∑k=1KIMFk˜(n)+rk(n) .



(7)













2.3.3. Trend Line Analysis


The trend line analysis method can extract different characteristics of the vegetation changes in different periods, and it was used to find the NDVI trend for each pixel [56]. The process is described as follows:


θslop=n∗∑i=1ni∗NDVIi−∑i=1ni∑i=1nNDVIin∗∑i=1ni2−(∑i=1ni)2,



(8)




where n refers to the cumulative years, NDVIi refers to the average yearly value, and θslop is the slope of the trend line. θslop>0 indicates that the vegetation has a positive growth. Otherwise, it has a negative growth.




2.3.4. Piecewise Linear Regression Analysis


In mathematics, a piecewise linear function is a real-value function defined on real numbers, or a segment thereof, which the of graph is composed of straight-line sections [57]. The piecewise linear regression model analysis method is very useful in extracting the turning points of long-term sequence data changes, and it can truly reflect the changing trend in the vegetation NDVI. It has been widely used in vegetation and climate change analyses [58,59]:


y={β0+β1+εt≤∂β0+β1∗t+β2∗(t−∂)+εt>∂,



(9)




where y refers to the vegetation NDVI value of a study area, t refers to the year (1982–2015), ∂ is the turning point of the time series, β0 is the intercept, β1 and β1+β2 are the slopes before and after the turning point of the time series, respectively, and ε is the residual.




2.3.5. Hurst Index (R/S)


The Hurst exponent was proposed by Hurst (1951); it is an effective method for detecting the long-term dependence of time series, and it has been widely used in studies related to hydrology, climatology, geology, and seismology [60]. The basic principle of this exponent is described as follows:



To divide the time series {NDVI(τ)} (τ=1,2,…,n) into τ subseries X(t), for each series, t=1,2,…,τ:

	
Define the sequence of the time series,


NDVI(τ)¯=1τ∑t=1τNDVI(t)(τ=1,2,…,n)



(10)







	
Calculate the accumulated deviation,


X(t,τ)=∑t=1τ(NDVI(t)−NDVI(τ)¯)(1≤t≤τ)



(11)







	
Create the range sequence,


R(τ)=max1≤t≤τX(t,τ)−min1≤t≤τX(t,τ) (τ=1,2,…,n)



(12)







	
Create the standard deviation sequence,


S(τ)=1τ∑t=1τ(NDVI(t)−NDVI(τ)¯2)(τ=1,2,…,n)



(13)







	
Acquire the Hurst exponent,


R(τ)S(τ)=(cτ)H



(14)












The value of H can be obtained by applying the least squares method to fit the equation log(R/S)n=a+H∗log(n), where H is the Hurst exponent.



According to previous studies [60,61], the value of the Hurst exponent ranges from 0–1. When the value is equal to 0.5, it means that the time series is an independent stochastic process without consistency; when the value is greater than 0.5, the time series is a consistent series having a positive autocorrelation, which indicates that the NDVI time series will show the same change trend in the future; and when the value is less than 0.5, it denotes that the time series is an anti-consistent series having a negative autocorrelation, which shows that the NDVI time series will present opposite characteristics in the future.






3. Result and Discussion


3.1. Signal Simulation


For testing the ability of the CEEMDAN decomposition, we constructed a time series signal to simulate a true time series. The signal was designed as




x=0.5∗sin(2∗pi∗20∗t)+2∗sin(2∗pi∗60∗t)+0.35∗t.



(15)





In the equation, x is superposed by two sine functions with different periods and frequencies as well as random data. The sampling frequency is 100 HZ in the FFT method. There are 238 sample points, the noise standard deviation is 0.2, and the number of realizations is 500 in the CEEMDAN algorithm.



The FFT and CEEMDAN results are shown in Figure 2. It can be seen from Figure 2a that the spectrum of the simulated signal contains a main frequency of 40 HZ and a sub-frequency of 20 HZ, which is consistent with the signal simulation data x. From Figure 2b–g, we can find that the simulated data were decomposed into five modes by CEEMDAN. IMF1 represents the high frequency; IMF2 is the sub-frequency; and IMF3, IMF4, and IMF5 are the residuals, indicating that the CEEMDAN decomposition algorithm can better extract the cycle and residual information of the simulated signal. In Figure 2h, the residual is the sum of IMF3, IMF4, and IMF5, indicating an increased tendency. The experimental results show that we can utilize the FFT and CEEMDAN algorithms to extract the NDVI and climate information.




3.2. Periodicity Analysis


The FFT method was used to acquire the frequency information about the NDVI, temperature, and precipitation time series, and it was combined with the IMF components obtained by CEEMDAN to analyze the periodicity information and the tendencies of the NDVI, temperature, and precipitation across the Inner Mongolia region.



3.2.1. Periodicity Analysis of NDVI


First, the spectrum of the NDVI time series was obtained (Figure 3a). In Figure 3a, the abscissa is the NDVI frequency, and the ordinate is the amplitude. Thus, from Figure 3a, we can find that NDVI has a 14 HZ dominant frequency and a 28 HZ sub-frequency. Based on the FFT results, the NDVI time series is decomposed into two periodic components (14 HZ and 28 HZ) and one trend component by CEEMDAN. Details can be seen in Figure 3b–d.



In Figure 3b–d, IMF1 indicates that the NDVI change period is the main period, and the cycle is a year; IMF2 denotes the half-year growth cycle in Inner Mongolia. In Figure 3e, the residual component is shown, which is not influenced by the IMF1 or IMF2 periodic information, and it indicates the changing vegetation trend, which increases at a rate of 0.001/10 m (P = 0.000) as estimated by a linear regression method. Figure 3f is the result when we consider only the domain frequency (14 HZ); the NDVI value increased at a rate of 0.001/10 m (P = 0.029), which is consistent with the previous research findings by Zhang et al. and Miao et al. [14,62].



In summary, the vegetation NDVI has two change periods, the one-year period and two-year cycle, and it shows a significant and slow growth from 1982–2015 in Inner Mongolia.




3.2.2. Periodicity Analysis of Meteorological Factors


The average temperature and precipitation values are calculated from the meteorological dataset from 47 meteorological stations in Inner Mongolia.



Figure 4a is the temperature spectrum that was established by the FFT method. From Figure 4a, we can identify two peak points, indicating that, like the NDVI dataset, temperature has two different periods. The average temperature data also indicates two main frequencies (14 HZ and 28 HZ), which represent the main frequency and sub-frequency, respectively. Figure 4c–d indicates that the temperature has two periods; IMF1 is the one-year cycle, and IMF2 denotes the half-year growth period. In Figure 4e, the residual does not include the IMF1 or IMF2 periodic information, and its linear velocity is 0.045 °C/10a (P = 0.000), denoting a significant and slow increasing trend from 1982–2015 in the study area. The linear velocity of the residual that does not include IMF1 is 0.05 ℃/10 m (P = 0.0001) (Figure 4f).



Generally, the temperature has two periods, one-year and half a year, and it increases slowly and significantly under the global warming background in Inner Mongolia; this is consistent with the NDVI changes. Compared with previous researches [63,64], the bi-periodic phenomena in the NDVI and temperature time series have been found in our study; it will further improve the effect of the correlation analysis between the NDVI and temperature.



It can be seen from Figure 5a that precipitation only has one main frequency (14 HZ), which differs from the NDVI and temperature. In Figure 5b–d, the precipitation data are decomposed into IMF components and a residual component by CEEMDAN. IMF1 indicates that precipitation has a one-year period, and the residual increased in a 0.03 mm/10a volatility (P > 0.1), indicating that precipitation increased but not significantly from 1982 to 2015.





3.3. Temporal and Spatial Variations in Vegetation


3.3.1. Interannual Variations in NDVI


In this paper, the annual NDVI value is the cumulative NDVI value of the growing season from April to October. Based on the piecewise linear regression method, we analyzed the interannual characteristics of the vegetation changes in the study region during 34 years. Figure 6 indicates that the vegetation’s linear velocity was 0.033%/10 a (P < 0.005) in Inner Mongolia, indicating a slow increasing trend from 1982–2015. These results agree with those obtained by Yang et al. [65]. This change rate is larger than the change rate in China (0.007/10 a from 1982 to 2011) [66,67], and it is also larger than the Loess Plateau (0.025/10 a, from 1982 to 2013) [66] and Tibetan Plateau (0.004/10 a from 1982 to 2012) [68].



In Figure 6, the NDVI change in our study area was mainly divided into three phases: (1) during 1982–1999, the slope value was 0.077/10 a (P < 0.001) in Inner Mongolia, with a continued and significant increasing trend; (2) from 2000–2009, the slope value was −0.06/10 a (P < 0.1) in Inner Mongolia with a significant decreasing trend; and (3) during 2010–2015, the slope value was 0.34/10 a (P < 0.05) in Inner Mongolia, with a significantly and rapidly increasing trend. Similar findings have been found by Zhao et al. and Meng et al. [69,70]. The NDVI is significantly affected by precipitation and temperature changes [69,71]. During 1982–1999, the temperature and precipitation in Inner Mongolia increased, suitable climate conditions were conducive to vegetation growth, and the NDVI value increased accordingly; from 2000 to 2009, the temperature kept high, while the precipitation decreased [62,71]. Drought occurred in Inner Mongolia grasslands, which inhibited the growth of vegetation. On the other hand, the occurrence of pests also affected the growth of vegetation [72]. As a result, the NDVI value decreased; and during 2010–2015, the precipitation increased again, drought alleviated, and the NDVI increased. In addition, the state implemented measures such as the “Grain for Green” Program which also effectively improved grassland ecological conditions [73].




3.3.2. Spatial Characteristics of Vegetation Variations


Based on the trend line analysis method, we analyzed the vegetation change tendency and its significance in the past 34 years at the pixel scale. It can be seen from Table 1 that the area of vegetation improvement and degradation accounted for 71.2% and 22.8%, respectively, of which an extremely significant increase (P < 0.01) accounted for 70.9%, which was mainly distributed in the northern, southwestern, and southeastern regions of Inner Mongolia. Furthermore, the region with a decreasing trend is mainly distributed in the central part of Inner Mongolia (Figure 7h).



Based on the different time segments, further analysis was conducted for 1982–1999, 2000–2009, and 2010–2015. We found that the spatial patterns of the NDVI changes during the different time periods had significant differences. The area where the vegetation NDVI increased and decreased during 1982–1999 accounted for 85.5% and 14.5% of the area, respectively (Figure 7a), of which the area with no significant increase (P > 0.1) accounted for 48.2% and the area of extremely significant improvement (P < 0.01) accounted for 16.9% and was mainly distributed in the south of Chifeng and Tongliao, in the east of Ordos, in the south of Bayannur, and in the north of Hulunbuir (Figure 7e). The area in which the vegetation NDVI had no significant increase or decrease during 2000–2009 accounted for 47.2% and 52.8% of the total area, respectively (P > 0.1) (Figure 7b), of which the area with no significant improvement (P > 0.1) was mainly located in the western part of Inner Mongolia (Figure 7f). The area in which the vegetation NDVI increased and decreased during 2010–2015 accounted for 83.1% and 16.9% of the area, respectively (Figure 7c), of which the area with no significant improvement (P > 0.1) accounted for 53.0% and the area with extremely significant improvement (P < 0.01) accounted for 6.6% and was mainly distributed in the eastern part of Xilin Gol and in Xinganmeng, Tongliao, and Chifeng (Figure 7g).



Further, Figure 7a–d shows that the slope values were −0.029 to 0.057, −0.038 to 0.018, −0.156 to 0.309, and −0.049 to 0.033 in 1982–1999, 2000–2009, 2010–2015, and 1982–2015, respectively. The slope rate value is the highest in 2009–2015, indicating that the vegetation grew better during that time than in any other time segment [70].



The above analysis showed that the western area of Inner Mongolia had no significant degradation in 1982–1999 and no significant improvements in 2000–2009 and 2010–2015. The central parts of Inner Mongolia showed an improvement trend in 1982–1999, no significant degradation in 2000–2009, and a significant improvement tendency during 2010–2015. On the whole, the area with an increased NDVI was mainly distributed in the east and south of Tongliao and Chifeng, in the north of Xinganmeng, in the north and west of Hulunbir, and in the west of Inner Mongolia during 1982–2015. The regions of the decreased vegetation NDVI were in the northeast of Hulunbir, the central part of Inner Mongolia, and the northwest of Eji’naqi.




3.3.3. Continuity Characteristics of Vegetation


The Hurst exponent calculated by R/S was adopted to analyze the persistence of the variations in the NDVI during 1982–2015. The result was divided into six categories, which are described in Table 2. The continuous parts occupied 82.3% of the total pixels. The persistence of the vegetation NDVI was stronger than its anti-persistence, suggesting that the NDVI would maintain its healthy growth in most parts of the study region in the future.



Figure 8 exhibits the spatial pattern of the vegetation Hurst exponent in Inner Mongolia. In terms of its spatial distribution, the Hurst exponent was greater than 0.5 in most areas and the strongly persistent parts were mainly located in the east of Hulunbuir, Tongliao, the southeast of Chifeng, the southeast of Ordos, and Alashan Youqi. This also indicates that the vegetation NDVI will maintain a healthy growth. This result is consistent with the findings from Meng et al. [70]. However, the anti-persistence sequence was mainly distributed in the west and south of Xilin Gol and in the central region of Hulunbuir, which suggests that these areas may deteriorate further in the future, and similar finding has been found by Yang et al. [74].





3.4. The Influencing Factors Analysis


3.4.1. Correlation Analysis between Vegetation and Climate on a Monthly Scale


According to the results of Section 3.2, there have been significant cyclical changes in the NDVI, mean temperature, and precipitation sequences in the Inner Mongolia region. The NDVI and mean temperature have two similar growth periods. This result is consistent with findings from Yang et al. [65]. IMF1 is a one-year cycle and IMF2 is a half-year period, with the change trends significantly increasing slowly. However, precipitation has only a one-year period, which is similar to the NDVI IMF1, and it has an insignificant increasing tendency.



The partial correlation analysis and correlation analysis methods are employed to explore the relationship between the vegetation NDVI and climatic factors. From the partial correlation results, which can be seen in Table 3, we can find, firstly, that the partial correlation between the NDVI and temperature is higher than that with precipitation. Secondly, the partial correlation of the NDVI with the climate factors of IMF1 is higher than that based on the original data and residuals (not containing IMF1). Finally, the NDVI is positively correlated with the average temperature and precipitation, but the partial correlation coefficient between the NDVI and precipitation is −0.057 of the residual, which means that excessive rainfall is not good for vegetation growth.



From Table 3, we can find that the coefficients are 0.651 (P = 0.01) and 0.135 (P = 0.05) for IMF2 and the residual, respectively, which indicates that there is a significant positive correlation between temperature and vegetation. In contrast, the NDVI has no correlation with precipitation in IMF2 or the residual (not containing IMF1 or IMF2). The experimental results suggest that temperature and precipitation are both important factors that affect the one-year periodic vegetation growth change in Inner Mongolia [70]. Further, the half-year periodic variation in vegetation is mainly affected by temperature.




3.4.2. The Partial Correlation between NDVI and Climatic Factors based on an Annual Scale


In this paper, we defined the annual precipitation data as the sum of the monthly precipitation data and the average annual temperature as the average value of the monthly temperatures.



During 1982 to 2015, the temperature showed an increasing trend of 0.04 °C /a (−0.01–0.06 °C /a) in Inner Mongolia. Spatially, the area with an increasing trend accounted for 98.9%, and the regions in which the temperature was decreasing were mainly distributed in the southeast of Tongliao and Chifeng (Figure 9a). In the same period, the precipitation showed a slowly increasing trend (1.33 mm/a), among which the regions with decreasing and increasing trends accounted for 67.6% and 32.4%, respectively, with the increasing area mainly located in Alashan. This result is consistent with the findings from Meng et al. (which accounted for 70.0% and 30.0%, respectively) [70]. The precipitation gradually increases from the northeast to southwest of Inner Mongolia (Figure 9b) [70,75].



In order to validate the accuracy of the data and the reliability of the results, the partial correlation approach was used to detect the response of the vegetation NDVI to climatic factors. On the annual scale, the vegetation NDVI showed a good correlation with the temperature in our study period, and 70.2% of the area had a positive correlation (Figure 10a). Among that, 6.8% and 16.0% of the area passed the 0.01 and 0.05 significance tests, respectively (Figure 10c), and were mainly distributed in the central and northern regions of Hulunbuir, Abaga qi, and Sunite Zuo qi and in the east of the Ordos steppes, Wulate Qianqi, Alashan Youqi, and Eji’naqi. The NDVI is positively correlated to the area with 87.3% of the precipitation (Figure 10b), and those that pass the 0.01 and 0.05 significance tests account for differences of 46.9% and 15.1% (Figure 10d), respectively, which are mainly distributed in the west of Hulunbuir and the central and southwestern regions of Inner Mongolia.






4. Conclusions


The goal of this study was to combine the FFT algorithm and CEEMDAN method to study the cycles and residual information and to explore the relationship between the NDVI and climate time series in Inner Mongolia. We validated this combination method by applying it to the time-series GIMMS/NDVI3g data and temperature and precipitation data from 47 meteorological stations during April to October 1982–2015 in Inner Mongolia. We can draw several conclusions from this case study.



In terms of periodicity, the fluctuation period of the NDVI and temperature in the study area is one year and half a year, and the changing cycle of the NDVI and precipitation is only one year, showing that both temperature and precipitation are important factors affecting the vegetation change in the study area. In addition, due to increases in the residual component, we can determine that the vegetation maintained an increasing trend from 1982 to 2015 in the study area.



According to the annual scale, the vegetation NDVI experienced a slow and significant increasing tendency of 0.033%/10 a (P < 0.05) during 1982–2015. However, the change rate was different in different stages. The vegetation increased at 0.077%/10 a (P < 0.001) from 1982–2009, decreased at −0.06%/10 a (P < 0.1) during 1999–2009, and increased at 0.34%/10 a (P < 0.05) from 2009–2015.



Spatially, the vegetation NDVI increased in 1982–1999, decreased from 1999–2009, and increased in 2009–2015 in the northeastern part of Hulunbir in central Inner Mongolia. The NDVI showed a decreasing trend in 1982–1999 and an increasing trend from 1999–2015 in western Inner Mongolia. Overall, the area in which the vegetation significantly increased was mainly distributed in the east and south of Tongliao and Chifeng, in the north of Xing’anmeng, in the north and west of Hulunbir, and in the west of Inner Mongolia during 1982–2015.



The Hurst exponent revealed that the vegetation NDVI in most areas had a strong persistence that occupied approximately 82.3% of the region, but the remaining parts had an adverse persistence. The strong persistence areas, which are expected to prevail, are mainly located in the east of Hulunbuir, Tongliao, the southeast of Chifeng, the southeast of Ordos, and Alashan Youqi. However, the regions in the west and south of Xilin Gol and in the central region of Hulunbuir are more likely to experience vegetation degradation in the future.



Given the one-year cycle, the NDVI has a significant positive correlation with temperature and precipitation, and temperature is more important than precipitation in promoting vegetation growth. Given the half-year change period, the NDVI was only affected by temperature in the study region with which it was positively correlated (P < 0.05). The vegetation showed a good correlation with temperature based on the annual scale, and 70.2% of the area had a positive correlation, which was mainly distributed in the central and northern regions of Hulunbuir, Abaga qi, and Sunite Zuo qi and the east of the Ordos steppes, Wulate Qianqi, Alashan Youqi, and Eji’naqi. The NDVI is positively correlated with precipitation, and it is mainly distributed in the west of Hulunbuir and in the central and southwestern regions of Inner Mongolia.
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Figure 1. The geographic extent of Inner Mongolia and the distribution of meteorological stations therein. Note: I: Hulunbur; II: Xing’anmeng; III: Tongliao; IV: Chifeng; V: Xilin Gol; VI; Ulanchabu; VII: Hohhot; VIII: Baotou; IX: Bayannur; X: Ordos; XI:Wuhai; and XII: Alashan. 
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Figure 2. The spectrum of the simulation signal and the Intrinsic Mode Function (IMF) component results: (a) The spectrum of the simulation signal is constructed by the Fast Fourier Transform (FFT) algorithm. The abscissa represents the frequency, and the ordinate indicates the amplitude; (b) the original simulation signal; (c–g) the first IMF component to the fifth; and (h) the sum of IMF3, IMF4, and IMF5, showing the entire trend of the decomposed signal. 
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Figure 3. The spectrum of the normalized difference vegetation index (NDVI) time series by FFT and the decomposed result by Complete Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEMDAN) in the Inner Mongolia region from 1982–2015 (April to October): (a) The NDVI spectrum; (b) the original NDVI time series; (c) the IMF1 component; (d) the IMF2 component; (e) the residual component, which is the sum of the left-hand side components that do not contain the IMF1 or IMF2 components; and (f) the residual components that do not contain the IMF1 component. 
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Figure 4. The temperature spectrum by FFT and its decomposed result by CEEMDAN in the Inner Mongolia region: (a) the temperature spectrum; (b) the original temperature data; (c) the IMF1 component; (d) the IMF2 component; (e) the residual component, which is the sum of the left-hand side components that do not contain the IMF1 or IMF2 components; and (f) the residual component that does not contain the IMF1 component. 
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Figure 5. The spectrum of precipitation by FFT and its decomposed result by CEEMDAN in the Inner Mongolia region: (a) the precipitation spectrum; (b) the original precipitation data; (c) the IMF1 component; and (d) the residual component that does not contain the IMF1 component. 
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Figure 6. The interannual variation in the annual NDVI during three stages in the Inner Mongolia region during 1982–2015. The slope is the change rate of vegetation growth, and P represents the significance degree. The closer the P value is to 0, the more significant it is. 
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Figure 7. The trend and significance of the vegetation NDVI in Inner Mongolia during (a,e) 1982–1999, (b,f) 1999–2009, (c,g) 2009–2015, and (d,h) 1982–2015. The red color represents a significant decrease in the NDVI, and the green color represents a significant increase in the NDVI. 
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Figure 8. The spatial distributions of the Hurst index in the Inner Mongolia region. 
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Figure 9. The spatial distribution of the change tendency in (a) the annual mean temperature and (b) the annual cumulative precipitation in the Inner Mongolia region from 1982–2015. 
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Figure 10. The spatial distribution of the partial correlation coefficients and significance tests between (a–c) the yearly NDVI and temperature and (b–d) the precipitation. 
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Table 1. The linear trend results of the NDVI in Inner Mongolia during 1982–2015.
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Area/km2

	
Area Percentage/%






	
P

	
Rank

	
1982–1999

	
1999–2009

	
2009–2015

	
1982–2015

	
1982–1999

	
1999–2009

	
2009–2015

	
1982–2015




	
<0.01

	
Extremely Significant Degradation

	
2944

	
/

	
768

	
196,544

	
0.26%

	
/

	
0.07%

	
17.24%




	
<0.05

	
Significant Degradation

	
4352

	
/

	
4608

	
15,616

	
0.38%

	
/

	
0.40%

	
1.37%




	
<0.1

	
Weakly Significant Degradation

	
2624

	
/

	
7744

	
6848

	
0.23%

	
/

	
0.68%

	
0.60%




	
>0.1

	
No Significant Degradation

	
155,200

	
601,728

	
179,136

	
40,640

	
13.62%

	
52.78%

	
15.71%

	
3.57%




	
>0.1

	
No Significant Improvement

	
549,952

	
538,368

	
604,736

	
44,096

	
48.24%

	
47.22%

	
53.03%

	
3.87%




	
<0.1

	
Weak Improvement

	
100,416

	
/

	
105,408

	
8128

	
8.81%

	
/

	
9.24%

	
0.71%




	
<0.05

	
Significant Improvement

	
132,352

	
/

	
162,432

	
19,392

	
11.61%

	
/

	
14.24%

	
1.70%




	
<0.01

	
Extremely Significant Improvement

	
192,064

	
/

	
75,584

	
808,576

	
16.85%

	
/

	
6.63%

	
70.94%




	

	
Total

	
1,139,904

	
1,140,096

	
1,140,416

	
1,139,840

	
100.00%

	
100.00%

	
100.00%

	
100.00%
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Table 2. The Hurst index trend in the Inner Mongolia region.
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	H
	Rank
	Area/km2
	Area Percentage/%





	<0.2
	Anti-persistent strong
	16064
	1.41%



	0.2~0.35
	Anti-persistent stronger
	50176
	4.42%



	0.35~0.5
	Anti-persistent weakness
	135104
	11.90%



	0.5~0.65
	Persistent weakness
	267904
	23.58%



	0.65~0.75
	Persistent stronger
	237440
	20.91%



	>0.75
	Persistent strong
	429056
	37.78%



	
	Total
	1135744
	100.00%
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Table 3. The partial correlation and correlation coefficient among the NDVI, temperature, and precipitation in Inner Mongolia. The partial correlation is based on three aspects: (1) the original data; (2) the IMF1 component; and (3) the residual that does not contain the IMF1 component. The correlation is based on two aspects: (1) the IMF2 component and (2) the residual that does not contain IMF1 or IMF2.






Table 3. The partial correlation and correlation coefficient among the NDVI, temperature, and precipitation in Inner Mongolia. The partial correlation is based on three aspects: (1) the original data; (2) the IMF1 component; and (3) the residual that does not contain the IMF1 component. The correlation is based on two aspects: (1) the IMF2 component and (2) the residual that does not contain IMF1 or IMF2.





	

	
Partial Correlation Coefficient

	
Correlation Coefficient






	
NDVI

	
Original data

	
IMF1

	
Residual (no IMF1)

	
IMF2

	
Residual (no IMF1 or IMF2)




	
Temperature

	
0.894

	
0.92

	
0.582

	
0.651 **

	
0.135 *




	
Precipitation

	
0.526

	
0.672

	
−0.057

	
/

	
/








Note: (* and **) means significant at P = 0.05 and 0.01, respectively, in the correlation analysis.
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