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Abstract

:

Water can carry or overturn a boat. Natural resources form the foundation of human survival and development. However, land use change caused by human urban civilization has damaged the natural environment and in turn threatened the continuation of human civilization. Accordingly, it is crucial to analyze the impacts of human activities on land use change and consequent dynamics of ecosystem service value (ESV). For the sustainable development of human beings, an investigation should be conducted to explore what type of land use behavior will be considerably beneficial to improve our relationship with the natural environment. This study analyzes the spatial–temporal dynamics of ESV of 148 counties in the Yangtze River Delta in China over three five-year periods (2000–2015) and examines the influence of socioeconomic forces and policy implications. Exploratory spatial data analysis and spatial regression were applied to facilitate the analysis. Results show that the averages of the ESV change ratios of the 148 counties in each of the aforementioned periods are −0.667%, −2.690%, and −4.668%, respectively. The number of counties that showed an ESV loss trend in the three periods are 72 (48.6%), 125 (84.4%), and 139 (93.9%), respectively. In terms of spatial pattern, ESV change demonstrates the spatial distribution characteristic of “high loss spreading from the northeast to the middle and west” with a tendency to strengthen spatial agglomeration. Results of the spatial regression analysis determine the overwhelming importance of population growth and economic advancement. The results also indicate that the development mode characterized by industrial structure, capital input, and technology upgrades can exert considerable influence on socioeconomic development, thereby affecting the change of ESV. Moreover, the constraints of policy substantially affect the changes of ESV from 2010 to 2015. Policy makers should consider the relationship between land use patterns and the ESV variation in different development stages to formulate appropriate measures, thereby reducing or preventing the loss of ecological service value and promoting sustainable development.
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1. Introduction


Research on land-use and land-cover (LULC) change over the last decade is one of the core projects in the context of the International Human Dimensions Program (IHDP) and International Geosphere–Biosphere Program (IGBP). Such research clearly demonstrates that human activities result in dramatic changes in landscape pattern and thoroughly affect the climate, biogeochemical cycles, and ecological balance at the global and regional scales. The LULC changes are the most direct and close relationship between humans and the natural world [1,2], in which the former continuously allocate and utilize various land resources to meet humanity’s social and economic development needs [3,4]. Land use patterns include quantity, structure, and spatial pattern [5,6], as well as land use quality, management mode, and productive ability [7,8]. That is, land use changes and transitions comprise a dynamic process that embeds the evolution of landscape structure and land use function. Researches on LULC mapping and change detection has received more attention in recent years. Using accurate remote sensing data and image classification techniques, changes in land use cover and urban environment can be monitored [9,10]. The land use change matrix is widely applied to represent the quantity of land change, while landscape metrics can provide both general and specific information about landscape dynamic patterns [11,12]. The recent development of geographic data analysis methods, including spatial autoregression, neural network [13], spectrum analysis [14], time series analysis [15], cellular automata models [16] and so on, has helped to uncover spatial-temporal dynamics of land use transition and to reach better explanations and predictions of land use evolution.



Natural ecosystem service refers to the vital benefits that humans derive from ecosystems, including food production, nutrient recycling, water regulation, recreation and culture, biodiversity protection, and other supporting services [17,18,19,20,21,22,23]. The majority of the related studies have introduced domain knowledge and auxiliary information for the connotation and techniques of ecosystem service valuation (ESV) [20,24,25,26]. Given the concern for natural resource limitation and constantly emerging environmental problems in recent years, ESV assessment has attracted universal attention in research and policy formulation [17,27,28]. Undoubtedly, LULC change is the most important reason for the variation of ecological service value. ESV is substantially reduced because of the massive transition of cultivated land and woodland and wetland to construction land, while the ecological function of the former land use type is completely lost, thereby leading to far-reaching consequences of environmental problems [29,30,31].



Urbanization is among the most crucial characteristics of human development in the 20th century. Industrialization and urbanization are characterized by population growth, economic agglomeration, and technology advancement, as well as substantially changing the global environment [32,33,34]. China has witnessed an increase in urbanization rates from 19.39% in 1980 to 57.35% in 2016 [35], thereby attracting the world’s attention with its apparent effects on a global scale. Since the implementation of economic reforms and the open-door policy, particularly the opening up and development of Pudong district in Shanghai, the Yangtze River Delta (YRD) has been undergoing thorough and rapid urbanization and industrialization. The YRD range comprises four provincial regions, namely, Shanghai, Zhejiang, Jiangsu, and Anhui. YRD has a clear strategic positioning, including the presence of important international portals in the Asia–Pacific region, world-class metropolitan agglomerations with a globally important modern service industry, and an advanced manufacturing center. The China Urban Agglomeration Development Report (2010) revealed that the YRD urban agglomeration will develop into a world-class city cluster with the strongest comprehensive competitiveness in China in 10–20 years. However, environmental problems, such as the pollution of Tai Lake, security problems of drinking water, loss of high-quality farmland, and air and soil heavy metal pollution are becoming serious [36,37]. Although rapid urbanization promotes rapid social and economic development, this process also weakens the important ecological services provided by the natural ecosystem for cities. The accelerated urbanization and increasingly frequent human activities have exerted large changes in land use and strongly affected ESV [38,39].



Since LULC reflects the most direct and close relationship between human and nature, it is crucial to closely combine it with social, political, and economic issues, especially identifying the impact of enhanced human activities on land use change. In terms of the sustainable development, although human welfare depends on the natural resources provided by the ecosystem, the sustainability, frequency, and density of the impacts of humanity factors on the giant earth system are far more extensive than natural process [40]. Ehrlich and Holden (1971) summarized all humanity factors which can affect the environment as population, product affluence, and technology level and proposed the IPAT equation [41]. In recent years, numerous studies have been conducted to explore the driving forces of land use evolution and have determined the strong effects of population growth, economic conditions, technical level, policy measure, and culture [42,43,44,45]. However, there remains room for improvement to comprehensively analyze the influence of these driving forces and identify the main driving factors in different stages. Furthermore, to support the aim of utilizing natural resources without destroying the resource base, the impact of land use change on the environment and its frequent interaction with human decision-making should be comprehensively understood [46,47]. Thus, enhancing the value of ecological services and promoting sustainable development during urbanization are urgently needed, while the relationship between ecosystem service dynamics and anthropogenic activities should be examined. However, the loss of natural resources appears to be the inevitable price of urbanization, while different development modes and investment levels can have varying impact on the ESV changes. In addition, regional development is not a random independent phenomenon or stationary process over space [48,49,50], while the changes between regions will have evident geographical dependence. Previous studies have confirmed that the positive spatial spillover effects of industry development play an important role in improving urbanization level [51,52], while spatial agglomeration will be one of the most significant characteristics in China’s new urbanization development [53]. Accordingly, the spatial pattern of ESV loss may show spatial dependence and spatial heterogeneity. If we can determine how land use patterns affect ESV variation at different development stages, then we may formulate a solution to delay or even prevent the loss of ESV through policy intervention at different urbanization stages. Although numerous studies have analyzed the effects of landscape patterns on ESV [11,18,54,55], only minimal focus has been on the heterogeneous impact and spatiotemporal variation characteristics of land use transitions on ecosystem services, which is key to investigating the relationship between urban growth characteristics and the consequent loss of ESV. To fill in this gap, the present research attempts to explore the relationship between the variations of ESVs and changes of land use pattern from the spatial and temporal perspectives. Moreover, only a few studies have attempted to jointly analyze the control policy in land use and ecosystem security. Policies can directly or indirectly affect ecosystem structure, change landscape patterns, and manage natural resource utilization to affect ecosystem functioning and change ecosystem service supply [56]. Land use conversion is modulated by land governance through land engineering, economic measures, policies, and institutions [57,58]. However, the impact of constraint policies on land use change and ecosystem services should undergo in-depth analysis.



The aim of our study is to recognize the aforementioned research gap and to identify the dynamic patterns of ESV change and the driving forces related to ESV loss in the YRD region. In particular, the aims of this research are as follows: (1) analyze the land use changes and assess the ESV loss in YRD from 2000 to 2015, (2) depict the spatial-temporal dynamic patterns of ESV in different urbanization periods, and (3) understand the complexities of socioeconomic forces and their causal relations with ESV change.




2. Materials and Methods


2.1. Study Area


The geographical range of YRD, which is located in an alluvial plain, includes Shanghai Municipality, Zhejiang Province, and Jiangsu Province. This area covers 210,700 square kilometers, which accounts for 2.19% of China’s land area. The YRD region is China’s main economic zone with a population of 156 million and contributes nearly 20% of the gross domestic product (GDP) of the country. As a rapidly developing area of urbanization in China, YRD is a hot spot of substantial land changes and rapid population growth. The current urbanization level is approximately 70%, which is significantly higher than that of the national average. The YRD region remains in the rapid development period and is a substantial attraction to rural–urban immigrants and various industries. This research covers the entire YRD region, which includes one direct-controlled municipality, three subprovincial cities, and 22 prefecture-level cities. The entire area is divided into 148 spatial units consisting of 26 municipal districts and 122 county-level cities (see Figure 1).




2.2. Analytical Framework


For a limited region, the driving factors of the LULC changes in a certain period are mainly natural factors, socio-economic factors, and land use policy factors [59]. In general, natural factors include environmental change, climate, natural disasters, topography and slope, etc. Given the relatively short research period, changes in natural factors are not significant in our study. In addition, the YRD is a hot spot of rapid population growth and substantial economic advancement, and our literature review enabled us to determine that population, economic, and policy factors are three main driving forces of land use changes and loss of ESV in urbanization. Therefore, we build a theoretical framework containing three aspects: population factors, economic factors, and policy factors (see Figure 2A). In terms of the temporal and spatial ESV dynamics, we suppose that different stages can be influenced by distinct factors and the importance of each factor can vary during these periods (see Figure 2B).




2.3. Data Sources


2.3.1. LULC Data


Accurate land use data are required to precisely assess the ESV change. Accordingly, data on land-use changes from 2000 to 2015 were acquired from the land-use changing investigation developed by the Ministry of Land and Resources (now it has been restructured into Ministry of Natural Resources). The relevant Chinese authorities have consistently updated the land use change database based on the annually conducted surveys and remote sensing monitoring since 1996. Each survey table covers reliable information of land area in various types and years along with the transition among different types. Given that the land-use change investigation adopted different land cover classification criteria in the entire study periods, the current study unified such land use classification standards into seven categories, namely, farmland, forest land, grassland, built-up land, water body, wetland, and unused land. The entire research period was divided into 2000–2005, 2005–2010, and 2010–2015.




2.3.2. Driving Factors Data


Based on the analytical framework, a total of 12 potential factors from the perspectives of population, economy, and policy were chosen referring to the existing literature and available data (see Table 1). Population urbanization is an important force of LULC changes and it can be reflected by total quantity and population density [42,43,44,45]. For economic factors, we set three dimensions to specifically reveal the impact, that is, economic growth, industrial share, and investment were considered to represent quantity growth, structure change, and technical input (associated with the economic quality) [44,60,61]. Although policy factors are difficult to express quantitatively and spatially [62], we attempt to examine the binding effect of urban planning and land use policy.



We collected the socioeconomic data of 148 districts and counties of YRD. The urban permanent residents, population density, GDP per capita, secondary and tertiary industry products, share of the secondary and tertiary industries in GDP, and total investment of fixed asset were collected from the China County Statistical Yearbook (CCSY). The data of foreign direct investment and road density were obtained from the annual county statistical bulletin for each year, while the policy type information was acquired from the YRD urban agglomeration development plan. All data were collected for 2000, 2005, 2010, and 2015 and Table 1 lists the descriptive statistics of explanatory variables. The change amounts of every five years were calculated and all explanatory variables were spatially matched with 148 counties. In addition, we used the variance inflation factor (VIF) to test whether multicollinearity exists among the explanatory variables and the computed results showed that all VIFs of the explanatory variables are below 10, thereby indicating that multicollinearity did not exist among the explanatory variables.





2.4. ESV Assessment


The ESV calculation has become a popular topic in global sustainable development ecological economic and environmental issues [30,31]. Costanza et al. (1997) proposed the basic guidance and valuation methods [20]. In China, Xie et al. (2008) considered the local ecological characteristics, classified the country’s terrestrial ecosystem into six ecosystems, and posed appropriate adjustments to the ecological services value coefficient [24]. A proxy method that matches the land use type to equivalent biomes is widely adopted by Chinese scholars on the basis of the service value table of unit area of China’s terrestrial ecosystem [63,64]. This study adopted this method as well, and by applying the data of grain products of per unit (ha), the standard ecosystem service equivalent value nationwide was revised to that of the research area. Specifically, ecosystem services value equivalent factor is the relative contribution rate of the ecosystem’s potential service value, and its unit value is equal to one-seventh of the value of annual grain product per hectare. The average annual grain yield in the Yangtze River Delta region from 2000 to 2015 was 5638.37 kg/ha, and the average grain price in 2015 was 2.57 RMB/kg. Therefore, the unit value of equivalent factor in the Yangtze River Delta region was 2066.86 RMB/ha/year. Then, we multiplied it with ecosystem services equivalent factor per unit area in China to obtain the revised ESV coefficient (2.335 times of the nationwide level) [65]. Note that our ESV calculation adopted the overall coefficient of each ecosystem biome type instead of the specific coefficients for each ecosystem service. ESV of YRD at four time points (i.e., 2000, 2005, 2010, and 2015) were valuated and the formula was as follows:


ESV=∑(Ak∗VCK),



(1)




wherein, AK and VCK denote the acreage and value coefficient (the revised ESV coefficient in Table 2), respectively, for the ecosystem biome of each land use type “k”.



To compare the intensity of the ESV changes, we further calculated the ESV change ratio in three periods from 2000 to 2015 at the YRD county level. The ESV change ratio is expressed as follows:


Resv=ESVt2−ESVt1ESVt1∗100%,



(2)




where t1 and t2 are the initial and final years, respectively, of each period and ESVt1 and ESVt2 are ESVs at times t1 and t2, respectively. The ESV change ratio is expressed as Rp1 for period 1 (i.e., 2000–2005), Rp2 for period 2 (i.e., 2005–2010), and Rp3 for period 3 (i.e., 2010–2015). The low change ratio value means high ESV loss, while the change ratio values near or above 0 indicate that ESV has minimal change or even improvement.




2.5. Exploratory Spatial Data Analysis


Our study utilizes exploratory spatial data analysis (ESDA) to measure whether the attributes in neighboring areas are generally similar or dissimilar [67,68]. ESDA is widely used to explore global and local spatial agglomeration or spatial outliers and reveal the spatial interaction between various spatial elements [69].



2.5.1. Global Spatial Autocorrelation


We used global Moran’s I index for global spatial autocorrelation to identify whether spatial significant autocorrelations can be found in the distribution of spatial objects. Moran’s I value is expressed as follows:


I=k∑i=1k∑j=1kWij(xi−x¯)(xj−x¯)∑i=1k∑j=1kWij∑i=1k(xi−x¯)2,



(3)




where xi and xj denote the actual attribute values in regions i and j, respectively; x¯ represents the mean value of the observations; Wij is a spatial weight matrix with one to describe the position where i is adjacent to j and zero otherwise; n represents the number of observed spatial units. In order to further test the significance of the spatial autocorrelation, the standardized statistical Z value was calculated and specific operational formula is shown as below:


Zscore=I−E(I)VAR(I),



(4)




where E(I) is the mean of Moran’s I and VAR(I) refers to the variance of Moran’s I. A value of Moran’s I approximating 1 or −1 under the circumstance of the significance level p = 0.05 means similar observations show characteristic of spatial agglomeration. If the value of I approximates 0, the distribution of spatial units tends to be random or there is no spatial autocorrelation between the observed sample and its adjacent region.




2.5.2. Local Spatial Autocorrelation


Referring to the related studies by Anselin [70], the local indicator of spatial association (LISA) was put forward to evaluate the clustering in individual spatial units. The LISA model is defined as follows:


Ii=n(xi−x¯)∑iwij(xj−x¯)∑i(xi−x¯)2=Zi∑jWijZj,



(5)




where Ii represents the indicator of spatial association (i.e., LISA) and Zi and Zj are generated through normalizing xi and xj, respectively. A positive Ii refers to significant local spatial clusters. That is, the local spatial samples with similar attribute values show the tendency of spatial agglomeration, Thus, those observed units will form type either High–High (HH) clusters or Low–Low (LL) clusters in the Moran’s I scatter plot. On the contrary, a negative Ii indicates the similar value of local spatial units shows the dispersion distribution, that is, the observed units with high (low) value are adjacent to other units with low (high) values, thereby forming High–Low (HL) or Low–High (LH) clusters. In the Moran’s I scatter plot, the HH clusters or LL clusters are represented by the first and third quadrant while HL clusters or Low–High (LH) clusters are represented by the second and fourth quadrant.





2.6. Spatial Regression Model


We applied the ESDA method to check whether the spatial pattern of the ESV loss shows spatial autocorrelation or spatial heterogeneity characteristics. Furthermore, we intend to work with the regression relationships involving sample data that are spatial because spatial data typically violate the assumption that each observation is independent of other observations made by ordinary regression methods [71]. Regression relationships involving spatial data are needed to answer the questions of interest in regional science, including spatial dependence and spatial heterogeneity. Table 3 presents the formulation and characteristics of standard linear and spatial regressions, including spatial lag and error models. In a standard linear regression model, the error terms are independently and randomly subjected to the normal distribution [72,73]. If a spatial dependence exists in the errors, then standard linear regression cannot meet the demand to yield valid results [74]. The spatial autoregressive model is an appropriate methodology for identifying the spatial variation and reflecting the local spillover effects. For the spatial lag models (SLM), spatial autocorrelation is defined by a linear relation between the response variable (y) and associated spatially lagged term (WY); for spatial error models (SEM), spatial autocorrelation is described by an error term (u) and associated spatially lagged error term (Wμ) [75].





3. Results


3.1. Change of ESV


The change ratio of ESV is an effective measure to investigate the general trend and intensity of the ESV change of each county. Therefore, we calculated the ESV change ratio for 148 counties in YRD through three periods from 2000 to 2015 (see Figure 3). The results show that from 2005 to 2015, an increasing number of counties faced the reduction of ESV, while only a few counties manifested an increase in ESV. Accordingly, ESV loss is an inevitable trend in the urbanization process. Table 4 provides the description index of the ESV change ratio. The mean of change ratio in period 1 (2000–2005), period 2 (2005–2010), and period 3 (2010–2015) are −0.667%, −2.690%, and −4.668%, respectively. In addition, the maximum value of ESV change ratio was evidently decreased, while the minimum value decreased first and increased thereafter.



To better understand the spatial visualization process of the ESV change patterns, this research divided the ESV change ratio of each county in the study area to five classes (every five percentage points). Figure 4A–C show the spatial and temporal disparities of the ESV change ratio for the three periods. The majority of the areas show an ESV loss tendency throughout the study period.



A total of 72 (48.6%), 125 (84.4%), and 139 (93.9%) counties showed ESV loss trend in the aforementioned three periods, respectively. In terms of the severity of ESV loss, the counties with ESV loss between 0% and 5% in the first period comprised 35.8% of the total, which added to 56.0% in the second period, and gradually increased to 66.8% in the third period. This result is mainly caused by several counties that showed an increase trend in the first period but decreased in the second period. In addition, the counties that showed a 5%–10% ESV loss in each of the three periods accounted for 4.7%, 20.3%, and 12.8%, thereby revealing a trend of initially increasing and decreasing thereafter. For the counties with a change rate above 10%, the number reached 8.8% and 14.8% in the first and third periods, respectively, thereby indicating that numerous counties have experienced substantial reductions in ESV.



Furthermore, the spatial disparities in the ESV change ratio from 2005 to 2015 showed the spatial distribution pattern of “high loss spreading from the northeast to the middle and west.” Thus, high-loss areas were first distributed in the northeast of YRD, including northern Jiangsu (e.g., Xiangshui, Sheyang, Dafeng, and Dongtai) and eastern Shanghai (e.g., Jiading, Nanhui, and Fengxian). The middle and western areas eventually turned to high-loss areas. These areas are in western Jiangsu (e.g., Danyang, Wujin, and Gaochun) and eastern Anhui (e.g., Maanshan, Dangtu, Fanchang, and Wuhu).




3.2. Spatial Pattern of Changes of ESV


Numerous studies have supported that the regional socioeconomic development is not a closed system [48,50]. Thus, the loss of ESV can be affected by its factors and external situations in its surrounding area [69].



Figure 5 shows the Moran Scatter plot of the ecosystem value change of the 148 counties in YRD from 2000 to 2015. The results demonstrate that the global Moran’s I values of the ESV change were 0.1491, 0.2622, and 0.4393 for in periods 1 (2000–2005), 2 (2005–2010), and 3 (2010–2015), respectively. Given that the global Moran’s I values in the 148 spatial units in the study area were above 0 and the standardized statistic Z value is positive under significance level p = 0.05, the null hypothesis that there exists no spatial correlation of ESV change across the counties can be rejected. The positive Moran’s I value in the three periods indicates that the spatial agglomeration occurs in regions where the extent of ESV change show similarity in the area. The spatial agglomeration of ESV change increased throughout the study period, thereby demonstrating that the degree of spatial agglomeration tends to strengthen in the entire study period.



The LISA value of the three study periods are calculated to acquire an improved understanding of the internal conditions to further examine the contribution of each spatial unit to the global agglomeration. The results can be applied to identify the hot-spot and cold-spot areas to provide an improved explanation of the spatial heterogeneity characteristics of the ESV loss for each spatial unit. The LISA cluster map presented the significant regions with spatial heterogeneity characteristics (see Figure 6).



The results show that the ESV loss of each region in YRD shows an apparent characteristic of spatial agglomeration. The type of LL regions are the agglomeration areas with low ESV loss. In period 1, under the condition of significance level p = 0.05, the cold-spot regions of type LL were relatively dispersed. These counties include Feixi, Changxing, Ting, Jiande, and the middle area of Zhejiang Province, such as Xinchang, Ninghai, Tiantai, and Panan. Thereafter, the distribution pattern of type LL regions demonstrated a clear dynamic process of centralization toward the west (especially in period 2), with its number and scale expanding gradually. Counties, including Yuexi, Taihu, Susong, Chaohu, and Chizhou, were added to this region. Until period 3, the western area of Zhejiang Province, including Chunan and Jiande, have been added to this type.



Compared with the Type LL regions, Type HH counties represent hot-spot regions with the clustering of spatial units of high ESV loss. Figure 6A–C show an apparent increase in the Type HH areas. In the beginning of the study periods, two distinct regions of Type HH existed. One was located north of Jiangsu Province, including Yancheng, Yandu, and Dafeng. The other evident Type HH region included Jiading, Pudong, Nanhui, Fengxian, Jiashan, Jiaxing, and Haiyan, which are located in Shanghai and northern Zhejiang Province. Through period 2, the Type HH regions expanded along the Yangtze River and Hangzhou Bay. Counties, including Nanjing, Zhenjiang, Yizheng, Jinjiang, Ningbo, Cixi, Yuyao, and Xiaoshan, have been added to this type of region. When the LISA cluster map of periods 1 and 3 were compared in 2000–2005, no Type HH counties in the west or south of the study area can be observed. In 2010–2015, the situation was relatively different because these counties, including Changfeng, Hefei, Feixi, Linhai, Taizhou, and Wenling, proved the gradual extension of the Type HH counties to the west and south of YRD.



In addition, Types LH and HL regions represent the agglomeration of dissimilar values, thereby showing negative local spatial autocorrelation. Neither Type LH or Type HL showed in period 1. Type LH counties did not show centralized distribution until period 3 and these counties mainly included Kunshan, Pinghu, Jiading, and Pudong, which are adjacent to Type HH counties in Shanghai. For Type HL counties, only Hefei and Changsu in periods 2 and 3, respectively, were included in this agglomeration type.




3.3. Spatial Regression Model Estimation


To examine the impact of various factors and the importance of each factor during different periods, the study selected 12 independent variables for the regression analysis. Before conducting the spatial regression, we performed a series of diagnostic tests to confirm whether the spatial dependency is embodied by the spatial lag of the response variable or the unknown error term [76]. The Lagrange multiplier (LM) test for spatial lag autocorrelation and error dependence are performed by applying the OLS residuals and spatial weights [75]. The LM lag and LM error tests are significant for the models in periods 1 and 3 (rows 1–2 in Table 5). Therefore, we applied the robust Lagrange multiplier (LM) test for spatial lag autocorrelation and error dependence to determine the proper model [76,77]. The robust LM (lag) test was significant, whereas the robust LM (error) was not significant (rows 3–4 in Table 5). For period 2, LM (lag) was significant, while LM (error) was not significant. Thus, SLM is an ideal choice. In summary, we preferred SLM for the regression throughout the study period. As alternative, we conducted an OLS, spatial lag, and spatial error models separately.



Table 6 lists the results of the parameter estimation of the three regression models in the three periods. In period 1, W × lnY was significantly correlated with the ESV loss in SLM (p < 0.01), while the estimated coefficient reached 0.296 and 0.328 in SLM and SEM, respectively. These results indicated that the response variable ESV loss had strong spatial endogenous correlation effect. That is, if other explanatory variables are controlled, then each 1% increase in ESV loss in the neighboring areas will lead to at least 0.3% increase in the local ESV loss. Similar characteristics can be observed in periods 2 and 3. The SEM model results showed that W×μ had significant correlation with the response variable in periods 1 (p < 0.01) and 3 (p < 0.05). Hence, the error term also has spatial correlation effect in the regression model, thereby indicating the existence of omissive explanatory variables that show space correlation as well.



Table 6 shows the estimation results of the three types of regression models. Given that SLM has been tested to be the most suitable for the spatial regression in this study, we focused generally on the significance of each explanatory variable in SLM. Population urbanization plays an extremely important role in the ESV change. The variable urban permanent resident (UPP) had positive effects on the ESV loss throughout the three periods. That is, the more urban permanent residents increase, the greater the loss in ESV would be. However, its significance only showed in periods 1 (p < 0.01) and 2 (p < 0.05). The population density (PD) was a significant positive variable because period 2, under the condition of significance level p = 0.01, demonstrated a remarkable positive relationship between ESV loss and population density growth. The economic growth variables, including GDP per capita (GDPPC) and secondary and tertiary industries products (STIP), can significantly exacerbate the ESV loss in periods 1 and 2. The industrial structure measured by the shares of the secondary industry (S_share) and tertiary industry (T_share) signified an increasingly remarkable positive influence on ESV loss through the three periods. The variable total investment of fixed asset and foreign direct investment became important driven factors (p < 0.01) only in period 3 and demonstrated opposite effect on ESV loss. The total investment of the fixed asset contributed to ESV loss, while foreign direct investment curbed ESV loss. In addition, road density (RD) had a positive impact on ESV loss throughout the study periods and showed remarkable significance, particularly in period 3. The effects of the policy factors are examined in period 3 and the policy restrictions of core development and limited development are negatively related with ESV loss (p < 0.01).





4. Discussion


4.1. Inevitable ESV Loss in Urbanization


Xie et al. [25] proposed a “unit value” based method to assess ESV in China on the basis of the valuation method of Costanza et al. [20]. Our study applies the method of Xie et al. integrated with the modification based on grain yield per unit and price to better embody the regional condition. This is the most advanced and widely used method for ESV assessment in China. The adopted per-unit ESV values in the current study were higher compared with those calculated in existing associated studies [24]. And this difference can be explained by the difference of the study area in previous studies, that is, the entire China has a vast territory including fragile ecological environments with ecosystems endowed with low biomass [47,78] and sensitive to anthropogenic disturbance [79]. However, favorable natural conditions, including sufficient heat and rain, dense river network, adequate water resources, and fertile soil had made YRD advantageous in agricultural development and vegetation biomass accumulation. Moreover, the gradually increasing price index in past few years would have raised the per-unit ESV in our study. Accordingly, the modified ESV per use type is slightly higher than the assigned value in 2010 in YRD [80]. Although ESV in 2000, 2005, and 2010 may have been overestimated because the calculation takes no account of the inflationary impact [56], such limitation would have minimal effects on the spatial pattern comparison of the ESV change rate. Our study does not concentrate substantially on the ESV quantitative validation but considers temporal fluctuations and spatial patterns of ESV change together with the understanding of supporting future-oriented strategies.



The loss of ecosystem service capacity through the continued decrease of forests, wetlands, and croplands, as well as fragmentation and shrinkage of the reserved precious urban green spaces, is inevitable during urbanization; this assumption is supported by other studies on YRD or other rapidly developing areas [11,81]. The accelerated urban growth with its consequent land use changes has been a major driver behind many ecological problems and environmental threats, leading to the overall damage of YRD’s natural environment and widespread deterioration of ecosystem service delivery. Thus, ESV loss has become increasingly common in urbanization. The ecological environment has undoubtedly paid a huge price for economic development and this situation can affect the quality of life and damage the wellbeing of urban residents.




4.2. Spatial Spillover Effects


ESDA is a reliable and effective method for depicting spatial patterns and identifying spatial correlation, including clusters and spatial outliers. It is also a tool to determine possible model misspecification of spatial perspectives [82]. Since ESDA can visualize the spatial feature of ESV change and explore spatial distribution characteristics, including local heterogeneity or homogeneity, it is a critical step for spatial regression modeling the ESV loss in our study and they can validate each other to yield more precise and reliable results [74].



The spatial distribution of ESV variation showed significant clustering characteristics from 2000 to 2015 in YRD, thereby implying that the ESV loss of the observed unit and its neighboring areas was more severe than that of other areas. Research on economic system development has been conducted to observe the spatial agglomeration [67,83]. More specifically, the assumption that a spatial unit is independent is violated by the fact that regional urbanization development can be profoundly influenced by significant spillover effects. Type HH counties, which are regarded as hot-spot areas with rapid urbanization, revealed the synergies of development and periodicity of the spatial agglomeration depicted the periodicity of the urbanization process and economic development. We have not found a reasonable explanation for this anomaly but suspect that it may be induced by special government policies and regional planning [59]. The implementation of the Jiangsu coastal areas development strategy since 2000 has rapidly increased the demand for construction land for economic advancement, thereby resulting in urban land expansion and population agglomeration toward Jiangsu Province. Meanwhile, the opening up of the new Pudong area in Shanghai has promoted rapid economic growth, while the functional radiation between east and west in Shanghai has gradually expanded to the interaction with the Yangtze river basin, other developed regions in China, and even the international market. The successive establishment of various types of development zones has further contributed to land expansion and population growth. In addition, the development of the Shanghai–Hangzhou–Ningbo (Hu–Hang–Yong) industrial belt and the progress of private enterprises in Zhejiang Province have accelerated the development process of cities alongside the industrial belt. The rapid population growth area transferred from Jiangsu to the Shanghai, Hangzhou, and Ningbo districts. In addition, the “high loss spreading from the northeast to the middle and west” discussed in this research is relatively consistent with the research on geographical distribution change of the Chinese manufacturing sectors conducted by Shi et al. [84]. They observed that since 2005, a proportion of manufacturing industry has gradually transferred from developed coastal regions to developing coastal regions and inland areas with relatively superior market conditions and industrial bases. Thus, we speculate that the distribution shift of the agglomeration of ESV loss is related to such shift.



A previous study has observed an increasing tendency of total value of ecosystem service of Tai Lake [85]. This study finds that the counties adjacent to Tai Lake, such as Wuxi, Suzhou, and Yixing, showed an ESV increase or minimal ESV loss, but we did not observe significant spatial spillover effect of these counties. However, a multitude of counties in Anhui Province, including Chizhou, Xuancheng, and Tongling, demonstrated positive spatial spillover effect to the surrounding county ecology. This effect can be the result of the enhancing agglomeration of the cold-spot region of ESV loss. This situation mainly benefited from the construction of the ecological Anhui and Wan River economic belt, which promoted the ecological coordination and sustainable development of the surrounding counties.




4.3. Driving Factors Related to ESV Loss


Similar to other rapidly developing areas, urbanization driven by a series of socio-economic factors has induced frequent land use transition; thereby, it has changed and is continuously changing ESV [11,86]. Our study has identified some driving forces related to ESV loss. Different periods are influenced by distinct factors and the importance of each factor can vary during these periods. The results of the spatial regression model demonstrated that the ESV loss in YRD was primarily induced by economic advancement (STIP), followed by population growth (UPP and PD), and social investment (TIFA) in period 1. These factors can cause the built-up land to increase markedly, thereby primarily causing ESV loss [59,86]. The ESV loss is irreversible because the expansion of built-up land mainly driven by the economy advancement is irreversible. Periods 1 and 2 share some common characteristics of driving factors, such as containing the key effects of population growth and economic advancement, but they captured a variety of impacts from social investment (TIFA) because the importance of TIFA declined after 2005. Similar results were observed by Du et al. [81] in Jiangsu Province, where the importance of fixed asset investment weakened significantly after 2005. Moreover, industrial share has become an important factor starting in period 2, thereby showing that industrial structure plays a significant role in land use and ESV changes.



In period 3, the population growth, as well as economic quantity and total investment of fixed assets, was no longer a significant factor. Meanwhile, technical progress (measured by FDI in this study) showed a remarkable negative relationship with ESV loss. One possible explanation is that the relationship between economic development and ecological environment showed that the two are consistent with the Kuznets curve in an inverted U-shape [87,88]. That is, the natural environment paid a heavy price for economic growth in the early stages of economic development because of backward technology and excessive and disordered mining of resources. With economic growth, scientific and technological progress, increasing environmental protection consciousness, and improvement of management ability and investment, pollutant emissions gradually lessened and environmental conditions improved [89]. When the social economy development reaches a certain level, the focus will be on economic restructuring from quantity to quality. Correspondingly, economic development no longer solely depends on land urbanization and conversion, but on capital, technology, information, and other productive factors. Meanwhile, time stage may play a vital role in the study of land use transition and ESV change, while the drivers of ESV loss and importance of each driver may vary significantly during diverse stage with socioeconomic development. Such finding is supported by conclusions drawn by Hazell et al. [90].



The current study substantially focused on the impact of policy toward ESV changes. Along with rapid and far-reaching economic growth, China has encountered increasing serious food security, natural resource limitation and ecological environmental problems [91,92,93]. To considerably handle the relationship between economic development and ecological environment protection, the government implemented policies that affected land use change [94,95]. The policy adjustment included curbing the spread of construction land (or reduction), constructing green production modes, as well as restoring and improving the ecological environment. Our study showed that restrictive development policies had positive effects to minimize ESV loss. Such policies are typically adopted in areas with strong ecological sensitivity and low capacity of resources and environment, such as northern Jiangsu, western Anhui, and western Zhejiang. By contrast, the relatively developed areas with resource and environment capacity reaching saturation should be further optimized, while government policies should be adjusted to expand the ecological space and promote sustainable development.




4.4. Limitations and Future Research


This study still has to address some limitations. First, the regional modification based on consumer price index in different periods can enhance the accuracy and comparability of multiperiod ESV assessment [96]. We believe that further studies concerning the accurate calculations which embody Chinese characteristics are needed. Second, although we employed multiple regression models to reach additional valid evaluations, the selected coefficients in our study did not take all spatial features into account. For example, geographical conditions or climate factors can affect the local ecosystem service delivery [97] and further studies are needed. Third, our research period covers 15 years, but the evaluation results merely reflected spatial differences among short temporal periods. We believe that additional beneficial conclusions can be reached by applying long multiperiod evaluation methods in future exploration. Lastly, although economic factors are constantly the most significant driving forces of land use change, we may fail to meet the demand of systematically and comprehensively revealing the mechanism of land use change from merely one economic perspective [98]. Other driving forces could influence ecological land use and change ESV loss as well, such as policies in forestry and agriculture [99]. Examples include the conversion of cropland to forest land and grassland projects, rural residential land reclamation projects, and delineation of the ecological red line. Thus, future studies could build a comprehensive theoretical framework and multidimensional explanatory model to obtain reasonable and reliable system logic between economy and ecology. Moreover, advanced analytical techniques, such as the geographical detector [62] and geographically and temporally weighted regression (GTWR) model [52], should be introduced.





5. Conclusions


The past few decades have witnessed a remarkable boom of the economy in China’s YRD, along with population agglomeration and land expansion. However, the success is accompanied by a set of serious environmental issues. That is, the YRD region encounters the major challenge of achieving sustainable use of natural resources in the rapid urbanization development. This study used the assessment of ESV as a basis to calculate the ESV change degree of each county in three periods from 2000 to 2015. We used the exploratory spatial data method and analyze the dynamics of the ESV change in the 148 counties of YRD to derive a deep understanding that would help to better plan its future. Furthermore, the current research adopted spatial regression analysis to identify the determinants of ESV loss during urbanization. The main conclusions are drawn as follows.



In each of the three periods from 2000 to 2015, the averages of the ESV change ratio of the 148 counties are −0.667%, −2.690%, and −4.668%, respectively. The counties that showed the trend of ESV loss in the three periods numbered 72 (48.6%), 125 (84.4%), and 139 (93.9%), respectively. In terms of the severity of ESV loss, counties showed medium (5%–10%) and high (>10%) results. ESV loss in each of the three periods presented an increasing tendency, revealing that more counties have experienced tremendous reductions in ESV. As for the spatial distribution, the ESV change from 2005 to 2015 depicted the distribution characteristic of “high loss spreading from the northeast to the middle and west.”



In addition to assessing the quantity change of ESV, this study also determines the evolution of spatial change patterns by using the ESDA method, which can effectively depict the spatial correlation including clusters and spatial outliers. The results demonstrated that ESV change degree across counties had positive spatial autocorrelation and the degree of spatial agglomeration showed a tendency to strengthen in the whole study period. On the basis of the LISA analysis, this study found evident spatial differentiation characteristics of ESV change. LL counties were initially relatively dispersed and demonstrated a clear process of gradual centralization to the west. Type HH counties presented a tendency of expanding/transferring from north to south and east to west, depicting the synergies of development and periodicity of urbanization. Moreover, the process of ESV change along with urbanization has characteristics of regional variability demonstrated by the distribution of neighboring counties with dissimilar ESV loss patterns.



The spatial regression results showed different periods are influenced by various factors and the importance of each factor can be relatively different during diverse times. On the one hand, we determined the overwhelming importance of population growth and economic advancement. On the other hand, we believe that with the advance of urbanization, socio-economic development will focus on economic restructure from quantity to quality. Hence, capital, technology, information, and other productive factors will exert more significant influence on socio-economic development, which could affect the change of ESV.



In particular, this study analyzed the impact of control policy on ecosystem service. Our analysis indicated restrictive development policies have significant positive effects to keep down ESV loss in period 3. For YRD to become a sustainable region, this area must realize a balance among three dimensions, including economic advancement, social well-being, and environmental protection. The influence that constraint policies exerted on development mode, land use type, and ecosystem service change cannot be neglected.



The results of this study offer important insights and learning experience that are valuable for other fast-urbanizing regions. Accordingly, landscape evolution should be integrated with the valuation and monitoring of ecosystem services in the scheme of land use controlling and urban planning. Effective strategies and approaches that align industrial adjustment and environmental orientation for the conservation and sustainable use of land resources need to be developed.
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Figure 1. Location and county distribution of Yangtze River Delta, China. 
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Figure 2. Analytical Framework: ESV dynamic influenced by population, economic, and policy factors (A) and impacts of driving factors in different stages (B). 






Figure 2. Analytical Framework: ESV dynamic influenced by population, economic, and policy factors (A) and impacts of driving factors in different stages (B).



[image: Sustainability 11 02622 g002]







[image: Sustainability 11 02622 g003 550]





Figure 3. ESV change ratio in (A) period 1 (2000–2005), (B) period 2 (2005–2010), (C) period 3 (2010–2015). 
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Figure 4. ESV change ratio in (A) period 1 (2000–2005), (B) period 2 (2005–2010), and (C) period 3 (2010–2015). 
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Figure 5. Moran Scatter Plot of ESV changes in period 1 (2000–2005), period 2 (2005–2010), and period 3 (2010–2015). 
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Figure 6. LISA clustering of ESV loss in the Yangtze River Delta in (A) period 1 (2000–2005), (B) period 2 (2005–2010), and (C) period 3 (2010–2015). 
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Table 1. Descriptive statistics of selected explanatory variables.
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Category

	
Dimensions

	
Factors

	
Abb

	
Max

	
Min

	
Mean

	
Std.

	
Skew

	
Kurt






	
Population factors

	
Population urbanization

	
Urban permanent residents

(104)

	
UPP

	
875.0

	
7.8

	
91.8

	
93.0

	
4.71

	
27.27




	
Population density

(person/km2)

	
PD

	
7925.0

	
65.1

	
802.0

	
866.0

	
3.86

	
20.69




	
Economic factors

	
Economic growth

	
GDP per capita (yuan)

	
GDPPC

	
389,873.4

	
2030.5

	
42,053.9

	
43,321.3

	
2.57

	
11.00




	
Secondary and tertiary industries products (108 yuan)

	
STIP

	
9674.7

	
1.37

	
469.9

	
1016.3

	
5.23

	
33.39




	
Industrial structure

	
Share of secondary industry in GDP (%)

	
S_share

	
85.5

	
5.8

	
50.0

	
0.1

	
−0.70

	
0.62




	
Share of tertiary industry in GDP (%)

	
T_share

	
88.5

	
2.9

	
36.5

	
0.1

	
1.10

	
4.04




	
Investment

	
Total investment of fixed asset

(108 yuan)

	
TIFA

	
4750.8

	
1.13

	
263.6

	
494.1

	
4.76

	
30.05




	
Foreign direct investment

(104 USD)

	
FDI

	
1,011,101.0

	
8.0

	
30,262.6

	
80,780.5

	
6.47

	
55.80




	
Road density (102 m/km2)

	
RD

	
350.0

	
31.7

	
103.6

	
51.4

	
1.40

	
2.54




	
Policy factors

	
Urban planning and land-use policy

	
1 = optimized development;

0 = no such policy

	
Pol_1

	
1

	
0

	
0.3

	
0.5

	
0.86

	
−1.28




	
1 = core development;

0 = no such policy

	
Pol_2

	
1

	
0

	
0.3

	
0.5

	
0.90

	
−1.21




	
1 = limited development;

0 = no such policy

	
Pol_3

	
1

	
0

	
0.4

	
0.5

	
0.48

	
−1.80
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Table 2. Ecosystem service value (ESV) coefficient (RMB/ha/year).
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	LULC Type
	Farmland
	Forest Land
	Grassland
	Water Body
	Wetland
	Unused Land





	ESV equivalent factor a
	6.91
	21.85
	7.24
	45.97
	62.71
	0.42



	Nationwide ESV coefficient a
	6114
	19,334
	6406
	40,676
	55,489
	371 b



	Revised ESV coefficient
	14,281
	45,158
	14,963
	95,008
	129,606
	867







Source: a [24,65]; b [66].
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