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Abstract

:

Vegetation in the terrestrial ecosystem, sensitive to climate change and human activities, exerts a crucial influence on the carbon cycles in land, ocean, and atmosphere. Discrimination between climate and human-induced vegetation dynamics is advocated but still limited, especially in coastal China, which is characterized by a developed economy, a large population, and high food production, but also by unprecedented climate change and warming. Taking coastal China as the research area, our study used the normalized difference vegetation index (NDVI) in growing seasons, as well as precipitation, temperature, and sunlight hours datasets, adopted residual trend analysis at pixel and regional scales in coastal China from 2000–2019 and aims to (1) delineate the patterns and processes of vegetation changes, and (2) separate the relative contributions of climate and human activities by adopting residual trend analysis. The results indicated that (1) coastal China experienced the most vegetation greening (83.04% of the whole region) and partial degradation (16.86% of the whole region) with significant spatial heterogeneity; (2) compared with climate change, human activities have a greater positive impact on NDVI, and the regions were mainly located in the north of the North China Plain and the south of southern China; (3) the relative contribution rates of climate change and human activities were detected to be 0–60% and 60–100%, respectively; (4) in the northern coastal areas, the improvement of cultivated land management greatly promoted the greening of vegetation and thus the increase of grain yield, while in southern coastal areas, afforestation and the restoration of degraded forest were responsible for vegetation restoration; and (5) similar results obtained by partial correlation between nighttime lights and NDVI indicated the reliability of the residual trend analysis. The linear relationships of precipitation, temperature, and radiation on NDVI may limit the accurate estimation of climate drivers on vegetation, and further ecosystem process-modeling approaches can be used to estimate the relative contribution of climate change and human activities. The findings in our research emphasized that the attribution for vegetation dynamics with heterogeneity can provide evidence for the designation of rational ecological conservation policies.
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1. Introduction


With the continuous intensification of climate change and human activities, global natural ecosystems have been severely threatened [1,2,3,4]. As one of the most critical components of the terrestrial ecosystem, vegetation has functioned as the nexus in the atmosphere, soil, and hydrology and guaranteed the supply of ecosystem services [5,6,7,8]. It is also the main factor that affects the carbon source and carbon sink, regulates the ecological process, and plays an essential role in the carbon cycle and global change [9,10,11]. As the land–sea transitional zone, the coastal area is one of the most frequently fluctuating areas on the Earth’s surface. The terrestrial ecosystem is simultaneously affected by land, ocean, atmosphere, and human activities; thus, its fragility is highly prominent [12,13].



Temperature and precipitation are the key climatic factors that affect the growth and development of vegetation. The average and extreme temperatures in China’s coastal areas show a rising trend, but there is no significant change in precipitation [14]. In the northern coastal areas, drought caused by warming is an important reason for decreasing vegetation coverage [15]. In southern coastal regions, floods caused by extreme precipitation reduce solar radiation and temperature, adversely affecting vegetation [16,17]. It is found that climate warming leads to the earlier germination of vegetation in spring, the later fall of leaves in autumn, and a more extended growth period [18,19]. Due to the differences in underlying surface properties, hydrothermal conditions, and vegetation types in different regions, there are significant spatial differences in vegetation change and its response to climate change. Zheng et al., (2017) [20] discussed the relationship between vegetation, climate, and human activities in southwest China. The results showed that the vegetation coverage had increased significantly, and it has the best correlation with autumn precipitation and summer average temperature. In addition, human activities also benefit vegetation vitality.



The impact of human activities on vegetation dynamics are both positive and negative. Approximately one-third to one-half of the landmass has been modified by anthropogenic forces [2]. The coastal areas are characterized by rapid economic growth. More than 70% of large Chinese cities are located in the coastal regions, playing a leading role in the national economy, accounting for 48.53% of its gross domestic product (GDP) in 2020 (National Bureau of Statistics) [21]. Unprecedented urbanization has led to cities’ encroachment on much farmland and woodland, resulting in a significant decline in vegetation coverage, which reduces ecosystem services. In contrast, ecological conservation projects such as the Grain for Green Program are conducive to vegetation restoration [22,23]. Zhao et al. [24] reported that compared with meteorological factors, socio-economic factors have a more noticeable impact on vegetation changes. Natural reserves have played a certain role in controlling land degradation, but large-scale natural forest protection projects have sounder effects, but heterogeneity exists. Deng et al. [25] and Shi et al. [26] found that human activities improved and destroyed vegetation in the Loess Plateau and Qinling Mountains at the same time; still, the positive effects were more significant than the negative ones. In addition, increased atmospheric carbon dioxide concentration and nitrogen deposition are also the main driving factors for vegetation growth [27]. Both human activities and climate change can impact vegetation changes and may cause significant differences in vegetation cover changes in different world regions.



The earlier studies often use correlation analysis to investigate the causes of vegetation changes and rarely separate the impact of different driving forces. The detection of changes in terrestrial ecosystems mainly adopted (i) long-term observational data like carbon flux data using the eddy covariance technique, (ii) statistical analysis, and (iii) mechanism model simulation. First, long-term observational data analysis provides evidence for detecting and attributing vegetation changes on a longer time scale and a larger spatial scale [28], such as the AmeriFlux network, ChinaFlux network, and Chinese Phenological Observation Network. It can provide accurate first-hand data, but long-term continuous observations and complete time series are required. In addition, based on a satellite-derived database, some studies calculated net primary production that was changed by humans to quantify humans’ contribution to vegetation [29,30]. Wang et al., (2021) [31] discriminated between the contribution of climatic and non-climatic factors to interannual changes in the NDVI (normalized difference vegetation index) based on partial derivatives. Qiao et al., (2018) [32] used multiple stepwise regression models to determine standardized regression coefficients and then quantified the relative contributions of different variables. Statistical analysis methods are simple and easy to use, and large-scale research can be carried out in auxiliary by remote sensing data [33]. However, it is challenging to understand its mechanisms and processes. Process-based models can explore the mechanism of the relative contributions. The Carnegie–Ames–Stanford approach (CASA) [34] is often used to calculate the actual NPP (net primary productivity). Then the climate productivity model, such as the Thornthwaite memorial model [35], is used to calculate the potential NPP [36]. The difference between actual and potential represents the interference of human activities, but the mechanism model is more difficult in parameterization. In addition, if different models are used, the error of the models themselves will also reduce the accuracy of the results. While well-established schemes are still required, residual trend analysis—a statistical approach based on the regression residuals between NDVI and climate factors—has been advocated by several recent studies [37,38,39].



The normalized difference vegetation index (NDVI) routinely derived from AVHRR (advanced very high-resolution radiometer), SPOT/VGT (SPOT/VEGETATION), and MODIS (moderate-resolution imaging spectroradiometer) Earth observation has been used for a range of local- to global-scale vegetation investigations [40,41,42]. NDVI has a linear or near-linear relationship with green-leaf density, net primary production, and cumulative biomass. It is one of the effective indicators reflecting large-scale vegetation’s greenness and growth status [43,44]. Although the time series of AVHRR-NDVI is more extended, the spatial resolution is lower. SPOT/VGT-NDVI and MODIS-NDVI have finer spatial resolution and have a complete time series covering 2000 to 2019. Both have a strong linear relationship and high similarity, and they can accurately reflect the diversity, changing trends, and fluctuations of the vegetation [45,46]. However, Hou et al. (2013) reported that in eastern China, the seasonality of NDVI intrinsically overshadowed the difference of the three datasets. However, only the de-seasonal SPOT/VEG-NDVI showed significant correlation both with AVHRR-NDVI and with MODIS-NDVI. Therefore, SPOT/VGT-NDVI was used as the index of vegetation dynamics in this study. SPOT/VGT-NDVI has been widely and successfully applied in China, including south China [46], the Yangtze River Basin [47], and north China [48], showing that it can match the requirements of vegetation detection in China’s coastal areas.



Our place-based study adopted the precipitation, temperature data, and 1 km resolution NDVI dataset from 2000 to 2019, with linear trend analysis, residual trend analysis, and partial correlation analysis to characterize the drivers of vegetation dynamics in coastal China at the pixel and regional scales. The purpose of our research focuses on the following scientific questions explicitly. (1) Under the influence of climate change and human activities, what changes have taken place in the vegetation patterns in coastal China? (2) What are the separate contributions of climate change and human activities to vegetation changes? (3) Can the residual trend analysis method effectively identify the relative contributions? We can test the following hypotheses by answering the above questions. (1) Due to complex driving forces, vegetation greening and degradation coexist in coastal China. (2) From 2000 to 2019, vegetation changes were mainly related to human activities and showed spatial heterogeneity. The research highlights the scientific novelty that we try to answer the scientific questions systematically involving patterns, processes, and drivers at multiple scales, with multiple methods and from multiple perspectives (‘3-M’ framework).




2. Materials and Methods


2.1. Study Area


The coastal China region (34°35′–45°30′ N, 102°55′–123°28′ E) lies in eastern China and the western Pacific, covering a total area of 1.32 × 106 km2 (square kilometers) (13.7% of Chinese territory). Thirteen provinces are included in our research (Taiwan province is excluded because of data limitation). The study area was divided into six sub-regions from north to south, according to the China Meteorological Administration’s (CMA, http://www.cma.gov.cn, accessed on 1 May 2021) partition standard: Northeast Region (Area I), North China Region (Area II), Huanghuai Region (Area III), Jianghuai Region (Area IV), Jiangnan Region (Area V), and South China Region (Area VI) (Figure 1).



In 2020, the total population in coastal China accounted for 44.95% of China’s total population; the total GDP accounted for 52.85% of China’s; and the urbanization rate is over 67.97%, more than the same period national urbanization level (60.60%) (National Bureau of Statistics) [21]. The climate type is mainly monsoon climate, which is characterized by being cold and dry in winter, hot and rainy in summer. The annual average temperature is 16.5 °C (http://cdc.cma.gov.cn/, accessed on 1 May 2021). The minimum annual precipitation in north China is 537.7 mm, belonging to temperate and warm temperate climate zones, while the maximum annual precipitation in south China is 1660.7 mm, belonging to subtropical and tropical climate zones. In coastal China from 1986 to 2015, the maximum 1-day and maximum 5-day precipitation increased at rates of 0.25 mm y−1 and 0.49 mm y−1, respectively, although the trend was not significant [14,15]. Besides, the temperature was generally increased with the background of global warming [14,15]. The terrain in the study area is complex and diverse, and there are plains, plateaus, and hills. The average altitude is 300 m. The soils in the north are mainly brown and dark brown, while those in the south are mainly red and yellow soils. The urbanization rate of China’s 11 coastal provinces increased from 48.93% to 67.97% from 2000 to 2020, while China’s urbanization rate increased from 36.22% to 60.6% during the same period (National Bureau of Statistics, 2000; 2020). It should be noted that some research mainly concentrated on arid and semi-arid regions of China, especially the Loess Plateau [26,49,50], southwest China [51], and the Qinghai-Tibet Plateau [52,53]. There are few studies on the southeast coastal area because the southeast coastal area is not the main implementation area of the Grain for Green Project [54].




2.2. Data


The daily temperature, precipitation, and sunlight hours data with 1 km resolution, covering 2000 to 2019, were derived from the China Meteorological Data Sharing Service Network, China Ground Climate Daily Data Set (V3.0) (http://cdc.cma.gov.cn, accessed on 1 May 2021). This dataset does not include weather stations in Hong Kong, Macau, and Taiwan provinces. After strict quality control, the dataset is significantly improved in terms of the quality and integrity of the same data type; the correct rate is close to 100%. As for the time range of studies, due to data limitations, many studies have been carried out to 2015 or even earlier [55,56], and just a few studies have been conducted in the last 20 years [57,58]. We have extended the data to the recent 20 years in our research.



The 1 km SPOT-VEGETATION NDVI dataset was downloaded from the Chinese Academy of Sciences Resources and Environment Science and Data Center (https://www.spot-vegetation.com/, accessed on 1 May 2021). The 1 km MODIS NDVI dataset was downloaded from the website of EARTHDATA (https://earthdata.nasa.gov, accessed on 1 May 2021). The maximum value component method generates both of the two NDVI datasets in the growing season (March to September) [59]. They have a fundamental reference significance for vegetation monitoring, rational use of natural resources, and other ecological-related fields.



The nighttime light data were downloaded from the National Earth System Science Data Center, National Science & Technology Infrastructure of China (http://www.geodata.cn, accessed on 1 May 2022). It is an extended time series (2000–2018) of Global NPP-VIIRS-like nighttime light data from a cross-sensor calibration. The dataset solves the problem that the two sets of nighttime light data of DMSP-OLS and NPP-VIIRS cannot be used at the same time.



Urbanization and agricultural practices shifts were responsible for the socio-economic drivers of vegetation changes. LULC data with 1 km resolution were derived from Resource and Environment Science and Data Center (https://www.resdc.cn/, accessed on 1 May 2021). The data included two phases (2000 and 2018), and six land-use and land-cover types (i.e., cropland, forest, grassland, water body, built-up area, and unused land) (IGBP, International Geosphere-Biosphere Programme). Their accuracy was assessed by on-site verification, with an overall classification accuracy of 94.3%. For the quantifying of agricultural practices shifts, the dataset including crop yield, fertilizer application amount, and total power of agricultural machinery on the prefecture level in 10 coastal provinces from 2000 to 2019 were collected from the statistical yearbook (http://www.stats.gov.cn/, accessed on 1 May 2021). Besides, all maps of administrative regions were derived from the National Geomatics Center of China (http://www.ngcc.cn/ngcc/, accessed on 1 May 2021).



In coastal China under the influence of the monsoon, rain and heat are in the same season. Phenology has important applications in directing agricultural production [59]. During the non-growing season, vegetation does not grow because of low temperatures and very little precipitation. Therefore, when studying the relationship between climate and NDVI, the data in the growing season and NDVI are used. In eastern China, the growing season is from April to October [60].




2.3. Methodology


2.3.1. Preprocessing


Preprocessing for meteorological data mainly includes weather station screening, missing data filling, and spatial interpolation. First, the missing data is interpolated according to the binary linear interpolation and the data of adjacent years. The missing data only accounts for 0.5% of the weather stations with missing data, so their impact on the analysis results could be ignored. Then, the Kriging interpolation is employed to interpolate the panel data to grid raster at a 1 km resolution matching with the NDVI dataset [61]. Preprocessing of SPOT/VEGETATION NDVI data includes format conversion, projection, data mask, and maximum value component (MVC) [26].




2.3.2. Computation of Trends


The NDVI time-series trend analysis is suitable for monitoring subtle, long-term vegetation changes. The annual changing rate of the growing season NDVI is fitted by the linear regression model (LRM), and the changing trend of the LRM is defined as the trend of NDVI. The calculation formula for the trend (slope) is in Equation (1):


y = b × x + a



(1)




where y is the NDVI value of each year from 2000 to 2019, x is the time series, from 2000 to 2019, a is the intercept, b is changing trend (slope) of annual NDVI, and b < 0 and b > 0 indicate that the tendency of NDVI is decrease and increase, respectively, over time.




2.3.3. Residual Trend Analysis


Residual trend analysis, developed by Evans and Geerken [62], was employed in our study to disentangle the relative contribution of climate change and anthropogenic causes to vegetation dynamics. This method has been extensively adopted in dryland [63], alpine grassland [64], South Africa [65], China [39], and even at a global scale [66]. The fundamental assumption behind residual trend analysis is that if there is any significant human signal in addition to the climate signal, it will be displayed in the unexplained variation after removing the climate signal from the NDVI dataset [62]. The response of vegetation to temperature, precipitation, and sunshine hours is nonlinear and the effect would change with various local conditions [67]. The impact of light or sunlight hours on vegetation change was rarely considered in climate-based vegetation models in previous studies [57,58,68]. Choosing a non-linear model requires observation of multiple data types and detailed statistical analysis, making the results difficult to interpret; besides, the multiple linear regression model also performs well in many studies [68,69]. Considering that the purpose of the model in our study is to reveal an empirical regulation, so, in our study, a multiple linear regression model among maximum growing season NDVI, accumulating growing season precipitation (Prec), mean growing season temperature (Tem), and accumulating growing season sunlight hours (Slt) was established to predict climate-driven NDVI (NDVICC, Equation (2)). Then, changes in human-induced NDVI (NDVIHA, Equation (3)) could be indicated by the difference between observed NDVI (NDVIobs, Equation (3)) and climate-driven NDVI (NDVICC, Equation (3)). This is calculated in Equations (2) and (3):


  N D V  I  C C   = a × P r e c + b × T e m + c × S l t  



(2)






  N D V  I  H A   = N D V  I  o b s   − N D V  I  C C    



(3)




where a and b are the fitting parameters;   N D V  I  C C     represents the predicted climate-driven NDVI under the impact of accumulating growing season precipitation (Prec, mm) and mean growing season temperature (Tem, degree centigrade), and sunlight hours (Slt, h);   N D V  I  H A     is the residual representing changes in human-induced NDVI; and NDVIobs is derived from remote sensing data. The R square for Equation (2) in coastal China was presented in Figure S1a.



Six scenarios (Table 1) were developed to distinguish the relative contributions between climate and human-induced vegetation dynamics [70,71].   S l o p  e  o b s   ,     S l o p  e  H A    , and   S l o p  e  C C     represent the slope of NDVIobs, NDVIHA, and NDVICC, respectively. The pattern of   S l o p  e  o b s   ,     S l o p  e  H A   ,    and    S l o p  e  C C       in coastal China was presented in Figure S1b,c.




2.3.4. Partial Correlation Analysis between NDVI and Climate Factors


Partial correlation was widely adopted to quantify the relationship between two factors, as well as excluding other potential variables. This study analyzes the correlation between NDVI and rainfall, temperature, and sunlight hours. The partial correlation is in Equation (4):


   R  v p , t , s   =    R  v p , t   −  R  v s , t      R  p s , t         1 −  R  v s , t  2      1 −  R  p s , t  2           



(4)




where v denotes NDVI, p represents precipitation, t represents temperature, and s represents sunlight hours. Rvp,t,s indicate the partial correlation coefficient between NDVI and precipitation after excluding the impact of temperature and sunlight hours; Rvp,t, Rvs,t, and Rps,t represent the partial correlation coefficients between NDVI and precipitation, between NDVI and sunlight hours, and between precipitation and sunlight hours, respectively, after excluding the impact of temperature.




2.3.5. Processing of LULC Transition


A pixel, representing a certain type of land use, with a resolution of 1 km served as the analytical unit. The georeferenced coordinates of land-use maps in 2000 and 2018 were all matches, and pixels in the same position in the multi-phase images can assure spatial matching. Between 2000 and 2018, the area of each land-use category was aggregated (averaged) by several pixels belonging to the same land-use category. The LULC transition indicates that one pixel in the same location in LULC in 2000 may be converted into other categories in LULC in 2018 or stay intact. To produce land transition maps from 2000 to 2018, the pre-matrix (LULC in 2000) and post-matrix (LULC in 2018) were compared and mapped using ArcGIS (Version 10.2, Environmental Systems Research Institute, Inc., Redlands, CA, USA).






3. Results


3.1. Spatio-Temporal Pattern and Heterogeneity of Vegetation Dynamics


Within last two decades, China’s coastal NDVI in the growing season had a significant spatial heterogeneity, generally manifested as higher in the south and lower in the north (Figure 2(A1,B1)). Specifically, NDVI is lower in the northwest mountainous area, Bohai Rim region, Yangtze River Delta, and Pearl River Delta, and is higher in the south, southeast, and northeast areas. The averaged NDVI is 0.75 across the whole region, with 65.74% of NDVI over it.



Most of the landscapes in coastal China had a stable vegetation restoration trend (Figure 2(A2,B2,A4,B4)). Spatially, the noticeable vegetation recovery trend was monitored primarily on the North Mountain area, and in southeast and south China; in contrast, the significant degradation trend in growing season NDVI was mainly found in the Bohai region, in the Pearl River Delta region, and especially in the Yangtze River Delta region. In total, 83.04% of the coastal territory for vegetation was greening, while 16.86% showed brown status (Figure 2(A2,B2)). Generally, growing season NDVI in coastal China increased in fluctuations, with an average trend of 3.3 × 10−4 y−1 (Figure 2(A4,B4)), p < 0.01) and a variation range between 0.712–0.789.



Besides, MOD13A3-NDVI and SPOT/VGT-NDVI have similar performances to describe the changing processes of NDVI in coastal China from the perspectives of annual mean NDVI, annual trend of NDVI, and their frequency distribution histogram based on Figure 2(A3,B3,A5,B5), especially Figure 2(A6). It can provide the evidence that in coastal China, SPOT/VGT NDVI could reflect the reality of coastal vegetation, at least as expressive as MODIS MDVI.




3.2. Driving Forces of Vegetation Dynamics at Regional and Landscape Scales


The combined effect of climate change and human activities was the main driver for the dynamics of growing season NDVI in coastal China during the past 20 years. Figure 3B shows that 70.47% of regions with increased NDVI were attributed to the combined effect. Simultaneously, only 2.14% of the areas with greening trends were caused by climate change alone, scattered in the central part of the North China Plain. In addition, the greening area only induced by human activities accounted for 9.93%, distributed mainly in the middle of Shandong province and the Huanghuai region and the southwest part of south China (Figure 3A). Figure 3C summaries area percentages for driving forces in various landscape components, all the LULC types are mainly affected by both climate change and human activities. For cropland, 60.98% of the area was influenced by a combined effect. Besides, 11.81% of the area is only positively affected by human activities, and was larger than the proportion that is only positively affected by climate change, 2.67% (Figure 3C). As to forest, under the combined effect, 84.71% of forests show the increased NDVI, and 8.41% of forests was promoted by only human activities. Cultivated land is the type of land use that is most positively affected only by human activities.



On the other hand, the combined effect was also responsible for reducing NDVI in 11.8% of the area at regional scale, mainly centered in the Yangtze River Delta. The area of NDVI reduction caused by only climate change and only human activities accounted for 1.97% and 3.68%, respectively, and the pattern is relatively scattered. At the landscape scale, 16.6% of the reduced NDVI of cultivated land is due to the combined effect of climate change and human activities, and 5.05% of the area is related to human activities only; 5.6% of the forest land NDVI showed a decreasing trend, of which only 0.86% was only due to the effect of climate change (Figure 3C). Vegetation in urban areas is the type of land use that is most negatively affected only by human activities.




3.3. The Relative Contribution Rates of Climate Change and Human Activities to Vegetation Dynamics


Figure 4(A1,A2) shows that as to the contribution rate of climate change, the area with a positive effect to NDVI accounted for 72.62%, of which the area with a contribution rate of 0~+60% was the largest, accounting for nearly 64.11% of the whole area; the contribution rate of more than +80% of the area accounted for only 3.45%, mainly in the North China Plain with a large area of arable land. In contrast, the negative contribution rate of climate change to the NDVI accounted for 13.78%, mainly in the Yangtze River Delta, where the land cover was built up.



In the perspective of human activities, the area with a positive effect to NDVI accounted for 80.37%; the area is relatively large where the contribution rate of human activities is in the range of +60~+100%, mainly distributed in the northeast region, Huanghuai region, and south China region. Adversely, NDVI in 15.47% of the region, the Yangtze River Delta in particular, has negative feedback with human activities (Figure 4(B1,B2)).



From our analysis, the contribution of human activities to the increased NDVI is generally greater than that of climate change. Specifically, the contribution of climate change and human activities to vegetation dynamics is about 0–60% and 60–100%, respectively.




3.4. Changes of Human Activities across Coastal China


At the landscape scale, land-use change can reflect well the transformation of natural land cover by human activities. First, through the analysis of land-use conversion from 2000 to 2018, it is found that in the areas with reduced NDVI, 21% of cultivated land is converted to construction land, and 4.21% of forest land is converted to construction land. However, the proportion of cultivated land is very small (Figure 5). Second, the Euclidean distance from the impervious surface is further calculated to represent the disturbance ability of human activities. It is found that with the attenuation of human disturbance, the decline of the NDVI’s decreasing rates is in logarithmic form, and the disturbance intensity may drop to 0 at about 40 km (Figure 5d).



Based on the statistical yearbook data, the spatial and temporal patterns of crop yield, fertilizer application amount, and total power of agricultural machinery in coastal areas are analyzed. In the northern region, especially in the North China Plain, crop yield has increased in the last 20 years (Figure 6a), but fertilizer application has decreased, especially in central Shandong province (Figure 6b). Simultaneously, total power of agricultural machinery continued to increase, except in Tianjin, the Yangtze River Delta, and the Pearl River Delta (Figure 6c). The construction of irrigation and water conservancy facilities makes the change of NDVI strongly depend on irrigation and less dependent on precipitation. The results showed that the improvement of agricultural management practices was beneficial to the increase of crop yield and vegetation greenness. The spatial pattern of afforestation in coastal areas from 2000 to 2019 was also drawn. It is found that the area with the largest total area of afforestation was located in the northern part of the North China Plain, around the Beijing–Tianjin–Hebei region (Figure 6d), which was the promotion of the projects named ‘Beijing–Tianjin–Hebei Sandstorm Source Area Control’ and ‘Green for Grain’ [72,73,74]. The afforestation area in southeast China showed an increasing trend (Figure 5e). Besides, the “Restoration Projects of Degraded Forests” in the recent five years were also mainly carried out in the southeast regions of coastal China (Figure 5f).




3.5. Effectiveness of Residual Trend Analysis Method to Separate the Contribution of Climate Change and Human Activities to NDVI


To verify that the residual trend analysis can effectively separate the effects of climate change and human activities on NDVI, we analyzed the partial correlation between NDVI and nighttime lights by using nighttime light data to represent the intensity of human activities, excluding the effect of precipitation and temperature, and sunlight hours.



Residual trend analysis shows that human activities harmed NDVI in the Bohai Rim, Yangtze River Delta, and Pearl River Delta (Figure 7a1–a4). Through the nighttime light data, the vigorous light intensity in these areas reflected frequent human activities (Figure 7b1–b4). Further analysis by the partial correlation between nighttime lights and NDVI showed a strong negative correlation (Figure 5c1–c4). Similar results obtained by these two methods indicated the reliability of the residual trend analysis.



The contribution of human activities to NDVI in the North China Plain and Shandong Peninsula (Figure 7a1,b1 and c1) separated by residual trend analysis showed a promoting effect, while partial correlation analysis also captured the same pattern.





4. Discussion


4.1. Impact of Climate Change on Vegetation Dynamics


Climate change was responsible for vegetation restoration in most areas of coastal China. Overall warming in coastal China is indisputable. A warming climate quickly alters terrestrial vegetation. It has not only prolonged the growth season of vegetation [75], but also accelerated the decomposition of soil organic matter and released more nutrient elements [76], which was conducive to ecosystem conservation.



However, climate change, like increased extreme high temperature and extreme precipitation, can also result in land degradation, which is mainly manifested in metropolitan regions, the Yangtze River Delta in particularly. First, Xu et al. [14] reported that the temperature increase at night was greater than that in daytime in coastal China from 1986 to 2015. This might enhance plant respiration in nighttime, while inhibit leaf photosynthesis in daytime, reducing accumulation of dry matter. Second, Xu et al. [14] and Wang et al. [15] reported that the extreme precipitation in coastal China showed an increased trend in recent decades, which may inhibit vegetation growth. More importantly, some studies have shown that in metropolitan areas, the combined effects of extreme climate and negative human activities amplify the effects of both on vegetation [77,78]. The heat island effect caused by the modified heat-energy balance during urbanization processes, as well as the rain island effect, may lead to urban waterlogging and threaten urban green space [79,80].




4.2. Urbanization, Agricultural Practices and Policy Shifts as Socio-Economic Drivers


Anthropogenic causes are not easy to be quantified since the statistical data are rare and incomplete. Many studies did not mention what the specific human activities were, nor did they quantify such impacts at the landscape scale. Thus, we explicitly quantify several human-induced drivers to the vegetation dynamics along coastal China. For the regions with reduced NDVI, the driving force is mainly the combined effect of climate change and human activities (Figure 3A), and human activities have a greater impact (Figure 4B2). The negative effects of human activities may mainly hinge on (i) urban expansion or (ii) land reclamation. First, for urban expansion, many studies supported our assumption that with the rapid economic development in coastal China, the rapidly growing population stimulates the ever-increasing demands on urban land, occupying the surrounding high-quality farmland, grassland, or forest, removing native vegetation and replacing it with an impervious water surface, ultimately reducing NDVI [81,82]. Second, as to the reason for cropland reclamation, native vegetation, such as grassland or woodland, tends to be more productive in wet and warm coastal China, and when converted to cropland, productivity might be reduced [83,84,85].



In addition, the area with the most serious decrease rate of NDVI is within about 5 km around the built-up area, indicating the instability of vegetation around the settlement places. We speculate that for people who live near cities, there is less willingness to farm. The higher income of migrant workers leads to an increase in the proportion of abandoned farmland [50]. Besides, the discharge of industrial pollutants and tilling soil without fallow or nutrient replenishment also damaged vegetation to a certain extent. So, on the eastern coast, vegetation degradation is mainly due to urban expansion and its correspondingly negative effects.



For the attribution of vegetation greening, we divided the study area into northern and southern parts on the land-use and land-cover basis. In northern coastal China, especially in the North China Plain, the main crop-producing zone, the dominant land use type is arable land, while in southern coastal China, it is mainly forestland. Let us assume that (i) in northern coastal areas, sound agricultural practices promote greening, especially in the North China Plain, (ii) while in the south, it is the implementation of forest conservation policies. First, studies at the global scale showed that the patterns of the global greening trend were very consistent with the global distribution of agricultural land. China had played a leading role in the greening of global terrestrial vegetation by improving agricultural efficiency [22]. This phenomenon has also been observed in India, a major food-producing country [86]. On the other hand, since 2000, China has implemented the policy of returning farmland to forest and vigorously promoting afforestation, making the southeast coastal China the main region of plantation forestland.



Land reclamation from the sea can meet the social and economic benefits, but it also poses a threat to the coastal ecosystem. In the past 70 years, on the east coast of mainland China, more than 68% of the coast was expanded toward the sea and more than 22% of the coast contracted [87]. The net change resulted in an increase in land area of nearly 14,200 km2, with an average growth rate of 202.82 km2/y. Shandong, Jiangsu, and Zhejiang provinces showed significant net increases in coastal land areas [84]. Coastal types, land requirements, and policies determine the land-use type, which in turn affects the structure and function of coastal ecosystems [88]. Specifically, on the one hand, agricultural reclamation can increase ecosystem productivity and increase NDVI. On the other hand, due to the high groundwater level and high salinity in the land reclamation area, the surface soil is prone to salinization, and the surface plants will wither because of a lack of water. In addition, the reclamation of tidal flats tends to accumulate heavy metals and other difficult-to-degrade pollutants, thereby destroying terrestrial ecosystems, reducing the area and quality of wetland habitats, degrading mangrove ecosystems, and reducing NDVI [89].




4.3. Limitation and Prospects


The pattern of vegetation degradation caused by human activities captured by the method of partial correlation analysis is consistent with the pattern analyzed by the method of residual analysis, indicating the effectiveness of residual analysis in separating the effects of climate change and human activities on vegetation. While residual trend analysis is a convincing quantitative method to disentangle the relative contribution of multiple drivers to vegetation changes, the limitation and uncertainty still need to be addressed [37,63]. For one aspect, vegetation responds to the climate system in complicated processes [33,90], so choose which climate factors are the most appropriate to quantify NDVI under the influence of climate change. Furthermore, since the impact of climatic conditions on vegetation is non-linear and non-stationary [91], the uncertainty still exists when choosing the adequate model to describe their relationship. The multi-criteria decision algorithms are among the state-of-the-art and easy methods to quantify influencing factors, which have been adopted to determine the probability of glacial lake outburst flooding in the Himalayas [92]. Besides, feature importance techniques can be learned to know which parameters have more control on vegetation since it has been successfully used in the analysis of lake stability [93].



When referring to the impact of human activities, there is no specific quantification of the impact of carbon dioxide emissions [94,95] and nitrogen deposition on vegetation [96,97] caused by human activities. These problems should be further clarified in future studies. The development of a mechanism model based on the ecosystem process, coupled with the climate and socio-economic systems [98,99], can effectively distinguish the effects of different components on vegetation and improve the accuracy of analysis and the credibility of problem solving.



Besides, this paper distinguishes the signals of human activities in the process of vegetation cover change on a large scale, and further field investigation on a finer scale is needed to verify the specific vegetation construction and restoration work. Some ‘non-zonal’ vegetation types like Spartina alterniflora Loisel. are often associated with local environments including topography, water bodies, and salinization. Improving the detection and research of invasive species, which are less affected by precipitation and temperature, is very important for the sustainable development of coastal areas.




4.4. Implications


Taken together, our study supports the potentially broad application of residual trend analysis as an effective method for discriminating drivers of vegetation dynamics. In the Jianghuai region, the dotted areas in the North China Plain, and metropolitan agglomerations, degradation vegetation deserves the most attention. It is very pervasive in developing countries [100,101], causing landscape fragmentation, the loss of natural habitat quality [102] and ecosystem structural and functional diversity [103]. He et al. [104] pointed out that economic growth has been the cause of accelerating human damage to China’s coastal ecosystems. Controlling city size and optimizing the urban spatial configuration, like the design of urban green space, can reduce the loss of habitat and land degradation caused by urban expansion [105].



In the north of northern China and the southwest of the southern region, the contribution of climate change to degradation is greater than that of human activities. Thus, some mitigation and adaptation measures can deal with the “black rhino” of climate change in coastal China [106]. For example, selecting suitable cold- and drought-tolerant species in the arid and semi-arid regions of the north can effectively adapt to climate change, especially extreme climates. Furthermore, in the central part of the North China Plain, vegetation greening was mainly promoted by climate change, so it does not need to rely too much on human management. Indeed, allowing vegetation restoration through a natural process is low-cost and effective for ecological restoration [107].





5. Conclusions


Based on the NDVI dataset, precipitation, temperature, and sunlight hours, we depicted the spatial patterns, change processes, and heterogeneity of vegetation across coastal China from 2000 to 2019 and the hypothesis that vegetation greening and degradation coexist in coastal China has been tested. Then, a multi-scale analysis was conducted on the driving factors and corresponding contributions to NDVI using residual trend analysis. So, we can establish the hypothesis that vegetation changes were mainly related to human activities and showed spatial heterogeneity. The residual trend analysis performs well to distinguish the relative role of climate and human activities to vegetation dynamics. NDVI increased significantly (83.04% of the whole region) in coastal areas of China from 2000 to 2019, especially in the north of the North China Region and the west of the southern China region. Rapidly decreasing areas are mainly distributed in urban agglomerations and economically developed regions such as the Yangtze River Delta of the Jianghuai region and the Pearl River Delta of south China. We suggest controlling city size and optimizing the urban spatial configuration to reduce the loss of habitat and land degradation. The relative contribution rates of climate change and human activities to NDVI have been 0–60% and 60–100%, respectively. In the northern coastal areas, the improvement of cultivated land management greatly promoted the greening of vegetation and thus the increase of the grain yield. In addition, the amount of fertilizer application was decreasing, while the total power of agricultural machinery was increasing. On the other hand, in southern coastal areas, artificial afforestation, aerial seeding afforestation, and restoration of degraded forest have promoted vegetation restoration. For the vegetation in the region promoted by climate change, management investment can be reduced to reduce investment in ecological protection projects. This study can also provide a theoretical basis for the designation of rational ecological conservation policies.
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Figure 1. Background information for coastal China. 
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Figure 2. Spatio-temporal pattern and heterogeneity of vegetation dynamics. (A1) represents the annual SPOT-VEGETATION NDVI from 2000–2019; (B1) shows the annual MODIS NDVI from 2000–2019; (A2) represents the annual trend of SPOT-VEGETATION NDVI; (B2) represents the annual trend of MODIS NDVI; (A3) shows frequency distribution histogram for A1; (B3) shows frequency distribution histogram for B1; (A4) shows annual changes of SPOT-VEGETATION NDVI across entire coastal China from 2000 to 2019; (B4) shows annual changes of MODIS NDVI across entire coastal China from 2000 to 2019; (A5) is the frequency distribution histogram for A2; (B5) is the frequency distribution histogram for B2; and (A6) shows the scatter plot of annual mean SOPT-VEGETATION NDVI against MODIS NDVI in pixel scale. 
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Figure 3. Driving forces of vegetation dynamics in coastal China during 2000–2019. CC and HA represent climatic change and human activities, respectively. The color in (C) is same as that in (A,B). 
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Figure 4. The relative contribution of driving forces to vegetation dynamics. 
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Figure 5. Land-use and land-cover change between 2000 and 2018 in NDVI-decreasing areas. In (d), P1 indicates the disturbance intensity may drop to 0 at about 40 km; P2 indicated the most drastic reduction rate of NDVI is within about 5 km. 
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Figure 6. Crop yield and afforestation patterns. 
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Figure 7. Validation for residual trend analysis. (A) The spatial pattern of the contribution rate of human activities to NDVI separated by the residual trend analysis; (B) the spatial pattern of the average annual nighttime light from 2000 to 2013; and (C) the partial correlation coefficient between NDVI and nighttime lights by excluding the effect of precipitation and temperature. (a1–a4) represent the Beijing–Tianjin–Hebei urban agglomeration, the Yangtze River Delta, the Fuzhou–Xiamen–Quanzhou urban agglomeration, and the Pearl River Delta region, respectively. (b1–b4) and (c1–c4) circles the consistent regions. 
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Table 1. Scenarios for the relative contribution of climatic and anthropogenic impacts on vegetation dynamics.
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Scenarios

	
Slopeobs

	
Drivers

	
Drivers Division

	
Contribution Rate (%)

	
Description




	
SlopeCC

	
SlopeHA

	
CC

	
HA






	
1

	
>0

	
CC & HA

	
>0

	
>0

	
SlopeCC/Slopeobs

	
SlopeHA/Slopeobs

	
The increased NDVI caused by both climate change and human activities.




	
2

	

	
CC

	
>0

	
<0

	
100

	
0

	
The increased NDVI caused by only climate change.




	
3

	

	
HA

	
<0

	
>0

	
0

	
100

	
The increased NDVI caused by only human activities.




	
4

	
<0

	
CC & HA

	
<0

	
<0

	
SlopeCC/Slopeobs

	
SlopeHA/Slopeobs

	
The decreased NDVI caused by both climate change and human activities.




	
5

	

	
CC

	
<0

	
>0

	
100

	
0

	
The decreased NDVI caused only by climate change.




	
6

	

	
HA

	
>0

	
<0

	
0

	
100

	
The decreased NDVI caused only by human activities.








Notes: CC represents climate change; HA represents human activities. Slopeobs, SlopeCC, and SlopeHA represent the slope of NDVIobs, NDVICC, and NDVIHA, respectively.
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