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Study of resource and environmental carrying capacity is an important research content of sustainable development science and the theoretical support for land space optimization. Existing research theories need to be deepened, and spatial simulation studies are relatively lacking. This study aimed to assess the current and future resource and environmental carrying capacity in the Yangtze River Delta region’s coastal zone and enhance sustainable development by exploring the application of shared socioeconomic pathway (SSPs) scenarios at the spatial pattern scale in regional resource and environmental carrying capacity simulation studies. Based on the FLUS and InVEST models, this study introduced the Coastal Resource and Environmental Carrying Capacity Index (CRECC) from the dimensions of “pressure” and “support” using land use remote sensing monitoring data and SSPs scenario data. A CRECC evaluation index system and quantitative evaluation method for the Yangtze River Delta were constructed. The results showed that from 2000 to 2020, the CRECC of the Yangtze River Delta coastal zone increased, the carrying capacity decreased, and the spatial distribution was low in the north and high in the south. The carrying capacity under the five SSP scenarios did not improve. The mismatch between natural ecological conditions and the intensity of human activities in the shoreline area was more prominent than in the study area, with the SSP1 and SSP5 scenarios being the most obvious. The supporting indicators have a more significant influence on improving CRECC than the pressure indicators, among which the supply capacity of water resources, land resources, and atmospheric environmental quality are the main limiting factors in the process of future sustainable economic-ecological development. This study provides ideas and examples for exploring spatial and temporal predictions of resources and environmental carrying capacity in coastal zones.
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1 Introduction

In China, coastal areas carry approximately 44.66% of the human population and 56.02% of the economic aggregate (according to the Statistical Bulletin of China’s National Economic and Social Development in 2020). Coastal zones, with their abundance of terrestrial and aquatic resources, are a rich source of material and ecosystem services, and constitute a complex system of human-ecological interactions (Díaz et al., 2018). As a result, they provide an excellent research opportunity for the field of Earth system science (Ramesh et al., 2015). Additionally, given continued resource depletion and industrial development, coastal areas face enormous pressures and challenges in securing human livelihoods while conserving their environment. Therefore, whether coastal zones can sustainably support human-economic demands while remaining environmentally sound is a widespread and critical concern for researchers, governments, and various other stakeholders (Nyima, 2015; Chen D. et al., 2020; Yan et al., 2022). Accordingly, achieving socioeconomic progress within the carrying capacity of coastal areas’ material resources and ecosystems has become a key focus of geography, ecology, and sustainability science, and a path to reaching Sustainable Development Goals (Sowman and Raemaekers, 2018).

Humans have a long history of understanding carrying capacity. Since the advent of the Anthropocene, the impact of socioeconomic activities on ecosystem structure and function, as well as the sustainable provision of ecosystem services, has become more profound. Consequently, their effects on human well-being have become more pronounced. “Carrying capacity” is a scientific concept that measures the relationship between human economic and social activities and the natural environment. Hence it is a crucial tool for managing sustainable development (Del Monte-Luna et al., 2004). It calculates the baselines and capacities of various elements, including population, land, water resources, and so on, and prompts equitable and sustainable use of resources in line with these environmental thresholds (Hák et al., 2016). This includes research on population carrying capacity (Lei et al., 2009), ecological carrying capacity (Rees, 1992; Nakajima and Ortega, 2016), and resource carrying capacity (Shi et al., 2013; Naimi-Ait-Aoudia and Berezowska-Azzag, 2014).

The concepts of sustainable resource use and environmental carrying capacity first emerged in China at the end of the 20th century (Yang and Ding, 2018; Liao et al., 2020). Current research methods include the ecological footprint (Mathis et al., 1999; Tang et al., 2022), state-space method (Mao and Yu, 2001), system dynamics model (Ercan et al., 2016), “pressure-state-response” and derived models (Matinzadeh et al., 2017), and comprehensive index method (Wu et al., 2020). Among these, the evaluation index system is currently the most widely used method, with index systems constructed using the following approaches: indicator systems based on the connotation of carrying capacity, such as “socio-economic-resource-environment,” “population-economy-resource-environment,” and other combinations of indicators (Cui et al., 2019); indicator systems based on the physical connotation of “carrying capacity,” with indicators divided into support and pressure systems and load and carrying systems (Shen et al., 2020; Du et al., 2021); and those based on element composition, such as land resource carrying capacity, water resource carrying capacity, atmospheric environment, and so on (Shi et al., 2013; Peng et al., 2019). However, there is a lack of authoritative methods for constructing index systems.

Studying the carrying capacity of coastal zone resources and ecosystems demands consideration of the unique characteristics of offshore resources, which are still being explored (Rani et al., 2015; Sowman and Raemaekers, 2018; Yang and Ding, 2018). Proposing a series of remediation measures, Wang et al. (2017) established a comprehensive method to identify important control factors in the Qingdao City Sea area, such as sewage discharge, livestock production, ammonia and nitrogen discharge, river runoff, and sewage treatment. Based on marine functional zoning, indicators showing human exploitation of marine and coastal areas, such as artificial shoreline classification and fishery farming areas, have been used to evaluate the marine utilization carrying capacity of Liaodong Bay (Xu et al., 2019).

Most resource and environmental carrying capacity studies have evaluated the current situation. However, to cope with resource and environmental problems arising from rapid urbanization and high-speed economic development, it is important to explore the coordinated development of coastal ecosystems and human activities in the future. Most studies on carrying capacity simulation adopt the system dynamics model to explore the relationship between carrying capacity and influencing factors and to predict its trends (Xing et al., 2019), or use the ecosystem service simulation method with land use simulation as the entry point (Yue et al., 2019). In the international field of sustainable science research, scenario analysis methods have gradually advanced in modeling future development (Duinker and Greig, 2007). Among multiple scenario frameworks, the Shared Socioeconomic Pathways (SSPs) developed by the Intergovernmental Panel on Climate Change (IPCC) depict different trajectories of future socioeconomic system development, resource use patterns, and environmental evolution. They are a powerful tool for exploring human and natural system development pathways (O’Neill et al., 2014; Elahi et al., 2021). SSPs have a unified and internationalized scenario framework that can provide several possibilities for the foreseeable future economic and social development of resources and environmental carrying capacity so that government organizations at all levels can improve the adaptability and support of decision-making based on different future development trends. Resource and environmental carrying capacity simulation and prediction based on SSPs can be connected to a higher degree with socioeconomic, agricultural production, or ecosystem fields.

Resource and environmental carrying capacity simulation studies often focus on predicting the future trend of the carrying capacity index, but fail to reveal the mechanisms of its carriers and carrying objects, which may not provide sufficient warning or foresight for the region’s future sustainable development. This study aimed to answer the following questions: i) How can we determine the influencing elements and assessment framework of coastal resources and environmental carrying capacity? ii) How can we determine the dynamic spatial and temporal evaluation mechanisms and simulation methods? iii) How can theoretical support be provided for sustainable regional optimization?

After examining current research progress, this study aims to explore the mechanism of resource and environmental carrying capacity, using the Yangtze River Delta as a case study area. We construct an evaluation framework for Coastal Resource and Environmental Carrying Capacity (CRECC), an index system, and a quantitative assessment method (Section 2). By conducting a simulation study from 2020 to 2050 based on the Shared Socioeconomic Pathways (SSPs), we display the current and future trends of regional CRECC changes and identify obstacles (Section 3). We then discuss and analyze the results (Section 4). This study makes the following contributions: i) presents new ideas for spatial and temporal simulation studies of resource and environmental carrying capacity, using an interdisciplinary approach that combines geography and sustainable development science; ii) tests the applicability and scalability of current theoretical methods and assessment frameworks in a typical coastal zone; and iii) provides new empirical analysis cases.




2 Materials and methods



2.1 Study area

Coastal and riverside areas have been strategically important for China to promote and achieve its coordinated regional development. The coastal provinces of the Yangtze River Delta (Shanghai, Jiangsu, and Zhejiang) are located at the intersection of the coast and river. The area has the greatest economic influence and largest industrial scale in China, with coastal cities along the river (Lianyungang, Yancheng, Nantong, and Shanghai in Jiangsu Province, and Jiaxing, Ningbo, Taizhou, and Wenzhou in Zhejiang Province) playing a pivotal role. By the end of 2020, the total resident population of the coastal provinces and cities in the Yangtze River Delta was approximately 174 million, and the total GDP reached 20.60 trillion yuan. The economic aggregates of Shanghai, Jiangsu, and Zhejiang rank among the top ten of China’s 31 provinces and cities in China. Eight coastal cities had a GDP of approximately 8.80 trillion-yuan, accounting for 42.72% of the total economic output of the Yangtze River Delta. In addition, according to the Global Port Development Report 2021, Shanghai and Ningbo ports rank first and third, respectively, in global port rankings and play a major role in international shipping and trade.

The Yangtze River Delta has a coastline of over 3,000 kilometers, which consists of extensive mudflats and other coastal ecosystems containing rich natural resources. The habitat of the Natural Heritage-listed Chinese Yellow (Bohai) Sea Migratory Bird is located in Yancheng City, which also houses 17 endangered IUCN species. However, since the 1990s, high-intensity beach reclamation, fishing, industrial production, and other human activities have led to the destruction and degradation of the local environment, resulting in a decline in biodiversity, the loss of coastal wetlands, and the degradation of fishery resources. Marine pollution and other disasters occur frequently, threatening the sustainability of the region. Therefore, the Yangtze River Delta coastal zone is a representative area for studying the carrying capacity of resources and the environment.

In this study, the eight coastal cities of Lianyungang, Yancheng, Nantong, Shanghai, Jiaxing, Ningbo, Taizhou, and Wenzhou were selected as the study area (Figure 1), covering 7.44×104km2. A scenario simulation and prediction analysis for 2020-2050 was conducted based on the period between 2000 and 2020, during which economic and ecological conflicts were on the rise, serving as the base year for evaluation.




Figure 1 | Geographical location of study area.






2.2 Data source

	(1) Remote sensing data: land use data were obtained from Landsat satellite remote sensing images and generated by manual visual interpretation, which were reclassified into five categories: cultivated land (drylands and paddy fields), ecological land (forestland and grassland), wetlands (including rivers, lakes, and coastal mudflats), urban land (land in large, medium, and small cities and built-up areas above the county town), and other construction lands (rural settlements and other construction lands). The images for 2000 and 2020 were obtained from Landsat 5 TM and Landsat 8 OLI_TIRS satellites.

	(2) Statistical data: agricultural, forestry, animal husbandry, and fishery production of various agricultural products, and other socioeconomic data were obtained from the China Statistical Yearbook, China Rural Statistical Yearbook, and China Urban Statistical Yearbook (2000-2020). Environmental monitoring data were obtained from the China Ecological Environment Quality Bulletin, the Global Ecological Environment Remote Sensing Monitoring Report, and the China Nearshore Marine Environment Quality Bulletin (2000-2020), etc.

	(3) Other data: population and economic spatial data were calculated from land use types, nightlight data, and settlement density. The spatial resolution of the above data was 1 km, and they were all obtained from http://www.resdc.cn/. SSPs population and economic projections panel Spatial data for constructing the simulation scenarios in 2020-2050 were obtained from Chen Y. et al. (2020), Jiang et al. (2018); Murakami and Yamagata (2019), and from this online database: https:/www.cgd.ucar.edu/iam/modeling/spatial-population-scenarios.html. Shoreline data were obtained from the global multiscale sea–land (island) shoreline dataset based on Google Earth remote sensing images (Liu et al., 2019).



The grid evaluation scale was set to 1 km, and the projection format was uniformly set to “WGS_1984.” The nearest neighbor method was more applicable to discrete data (e.g., land use classification) and did not change the values of the image elements. The maximum spatial error was approximately half the image element size, which can preserve the original data attributes to the maximum extent. The spatial data were cropped and extracted using the vector layer of the study area as a mask to generate a raster dataset with uniform boundary and resolution for the calculation of the results. For statistical data, the per-capita value of an indicator is usually obtained based on the population of the data year and subsequently spatialized by overlaying spatial data on population density.




2.3 Methods



2.3.1 Study framework and theoretical basis

First, the CRECC framework and evaluation index system were constructed. Second, remote sensing, spatial, and statistical data were collected to establish a quantitative evaluation scheme for the indicators. Based on InVEST and other models, we analyzed spatial and temporal variation characteristics and dynamic mechanisms, and the SSPs and FLUS models were used to conduct CRECC simulation studies. Finally, an obstacle factor model was used to determine the main current and future limiting factors (Figure 2).




Figure 2 | Flowchart of study.



To establish a reasonable measurement method, it is necessary to understand the components of regional resources and the environment, as well as their interrelationships, from a systematic perspective. Ideally, a geospatial system should maintain its function and structure in a relatively dynamic equilibrium. However, in reality, complex spatial systems rarely remain at the equilibrium point or in a stable state for a long time. When the pressure exerted by human activities is not in balance with the ecosystem’s carrying capacity, the regional resource-environment system may reach a critical point and enter a fluctuating phase. It can also be understood that whether a system can maintain its function and configuration depends on the pressure of human activity and ecosystem support capacity, as well as the interaction between them. Pressure mainly refers to human living and production activities, including agriculture, industry, urban construction, transportation, and daily life activities, during which resources are constantly consumed and pollutants affect the environment’s quality. The resource-environment system has carriers that are indispensable for supporting human activities, such as water, land, and energy (Elahi et al., 2022). Different pressures require corresponding carriers to support them. For example, agricultural activities extract biomass from nature, and industrial activities obtain raw materials from natural systems. These activities also generate various types of pollution and waste, which need to be dealt with by providing various socio-economic infrastructures and natural environments. The equilibrium state of the regional resource-environment system depends on the degree of impact that human activities have on natural resources and ecosystem subsystems.

According to Shen et al., 2020, the resource-environmental carrying capacity can be defined as the ratio of pressure to support, i.e. RECC = pressure/support, if 0< RECC ≤ 1, it indicates that the resource-environmental pressure is less than the support capacity. RECC > 1 means that the capacity to carry the pressure of human activities is insufficient, the region is at a higher risk of overload, and the sustainability of resources and the environment is poor.




2.3.2 Indicator system

The Yangtze River Delta coastal zone has long been facing a series of resource and environmental constraint problems due to population growth and economic development; marine economic development and shoreline environmental quality improvement are urgently needed. Based on the natural and socioeconomic characteristics of the coastal zone, a resource and environmental carrying capacity evaluation indicator system was constructed (Table 1). The indicator system contains the target layer (CRECC), two guideline indicators (support index and pressure index), and 14 sub-indicators (agricultural production carrying capacity, fishery production carrying capacity, construction space carrying capacity, water resources carrying capacity, carbon emissions carrying capacity, atmospheric environment carrying capacity, and coastal ecological environment stress) from the pressure and support dimensions.


Table 1 | Index system and weight for Coastal Resources and Environmental Carrying Capacity.



Considering the characteristics of food supply and consumption in coastal areas, we divided them into agricultural production and fishery production carrying capacities and took total food production and demand and total fishery food production and demand as “support” and “pressure” dimensions, respectively. Construction spaces primarily undertake the functions of residence, development, and infrastructure construction, reflecting the carrying capacity of land resources for population growth and economic development. The demand and supply areas of the construction space were selected as pressure and support indicators, respectively. Nearly two-thirds of cities in coastal areas face different degrees of water shortage, and it is important to evaluate the quantity and quality of existing water resources to support socioeconomic development. Water resource consumption and total available water resources were selected as the pressure and support indicators, respectively, to assess the carrying capacity of water resources. In the context of China’s aggressive emission reduction targets, monitoring current carbon emission patterns and changing trends is important. Carbon emissions and carbon sequestration indicators were selected to assess the carbon balance. Enhancing the atmospheric quality is a critical objective for the development of ecological civilization, and the emission and absorption of significant atmospheric pollutants serve as key parameters to determine the carrying capacity of the atmospheric environment. Finally, habitat quality and potential habitat risk were coupled to assess the coastal ecological stresses.




2.3.3 Quantitative evaluation method



2.3.3.1 Agricultural production carrying capacity

Different land use types have varying capacities for producing food. Cultivated lands provide cereals, oilseeds, and vegetables; orchards provide fruits; and grasslands provide beef, lamb, and dairy products, all of which fall under the category of ecological land. Wetlands provide freshwater aquatic products. (Zhang et al., 2017). According to the total food production statistics of these land use types and the corresponding land use types in the study area, the average agricultural product yields in the cultivated land, ecological land, and wetland areas are 1214.27 t/km2, 222.57 t/km2 and 308.22 t/km2, respectively. The total food production, Cfood (tons), for each evaluation year was calculated by superimposing the spatial land use data.

	

Where is the total area provided by land use type k for the production of the food j (cereals, oils, dairy, vegetables, meat, and freshwater aquatic products), and  is the production per unit area for the food j provided by the land use type k.

This was performed in accordance with the 2016 Chinese food guide (Supplementary Table 1). The given reference range of food demand is taken as its median value to obtain the per capita food demand, demandj, which is 539.36 kg/person, and superimposed on the population spatial distribution data (POP is the number of populations in the cell) to obtain the total food demand (ton), Lfood, which is calculated as:

	




2.3.3.2 Fishery production carrying capacity

Due to the limitations of data acquisition, the fishery production carrying capacity can only calculate the total fishery food production (Cfishery, ton) and demand (Lfishery, ton) between 2000 and 2020, and scenario simulation is not currently available for the time being.

	

	

Where Pn is the production of seawater products in the coastal city n, obtained from the China Rural Statistical Yearbook (2000-2020), demm is the per capita demand of seawater products, which is 10.23 kg/person according to the 2016 Chinese food guide and the China Statistical Yearbook (2000-2020), and pop is the population.




2.3.3.3 Construction space carrying capacity

To analyze the spatial carrying capacity, the actual supply and demand of rural living space and urban construction space were calculated separately using the following methods:

	

	

Where CC is the spatial supply of construction land (km2), representing the construction land support indicator. Cr and Cu are the actual supply of rural and urban living spaces respectively. Rx,y and Ux,y represent the proportion of rural living space and urban construction space in the cell, which is calculated by the “aggregation” tool of the ArcGIS10.5 platform; A is the actual area of the cell.

Lc is the spatial demand for construction land (km2), representing the pressure indicator for construction land; Lr and Lu are the demand for rural and urban living spaces, respectively; Rdemand and Udemand represent the per capita demand for rural and urban spaces, which were 150 and 77 m2/person, respectively (from the Urban and Rural Land Classification and Planning for Construction Land Standard) (Supplementary Table 2). Rpop and Upop are the total populations in rural and urban areas, respectively (https://www.cgd.ucar.edu/iam/modeling/spatial-population-scenarios.html).




2.3.3.4 Water resources carrying capacity

Water resources support capacity Cw includes surface water resources Wsu(m3) and groundwater resources Wgr(m3):

	

	

	

	

Where Wrep is the total amount of water resources double-counted when measuring surface water and groundwater resources. The per capita groundwater resources (Aw-gr) obtained from the statistical yearbooks from 2000 to 2020 were -0.65% and -0.62%, respectively, which can be used as the basis for simulation evaluation. A indicates the actual area of the cell (km2). Px,y is the annual precipitation of the cell (mm) (https://www.worldclim.org (2000–2100)), and Rk,x,y is the runoff coefficient of the cell (x,y) in land use type k, which refers to the proportion of precipitation converted into runoff (Yan et al., 2019).

The water load pressure, i.e., the total water consumption Lw (m3) could be expressed as :

	

Where Wdo, Win, War, and Wen are the regional per capita domestic, industrial, agricultural, and ecological water consumption, m3/person, respectively (the statistical yearbooks from 2000 ~ 2020) The annual average change rates of per capita water consumption for all years are - 0.60, - 0.17, 1.85, and 9.48%/a, respectively, which are also used as the basis for simulation evaluation; pop is the population.




2.3.3.5 Carbon emission carrying capacity

The InVEST model can assess the amount of carbon stored in each unit based on the carbon density of each land use type and land use map. The estimation of total carbon sequestration (Ccarbon, tons) considered four carbon pools: aboveground, belowground, soil organic matter, and dead organic matter. According to Goldstein et al. (2012); He et al. (2016), and Li (2004), the carbon density numbers were taken as shown in Supplementary Table 3 and calculated as:

	

where A denotes the actual area of each cell,  ,  ,  , and  represent the carbon density (t/km2) of above-ground, below-ground, soil organic matter, and dead organic matter in the kth land use type, respectively.

The total carbon emission Lcarbon (ton) can be expressed as:  Where Cemission represents the carbon emissions from human socioeconomic activities and pop represents the population. According to Liu C. et al. (2020), the product of the standard coal carbon emission factor (0.69 tC/tce) and the energy consumption is taken as the carbon emission per capita, and the required data for coal, oil, natural gas, primary electricity, and other energy consumption are obtained from the China Statistical Yearbook (2000-2020). On this basis, according to the net-zero emission scenario proposed in the World Energy Outlook 2020 (BP Amocol, 2020), the rates of change in the consumption of oil, coal, natural gas, primary electricity, and other energy sources in China between 2018 and 2050 are - 4.1, - 8.2, 1.6, and - 0.9%/a. Based on these rates of change, the per capita carbon emissions in 2050 under different SSP scenarios are about 0.91 to 1.01 tC/person, combined with the SSP population projection panel data and the standard coal carbon emission coefficients.




2.3.3.6 Atmospheric environment carrying capacity

The current status and future trends of the atmospheric environmental support capacity of the coastal zone were estimated using PM10 as an example. The atmospheric environmental support capacity refers to the capture and sorption capacity of vegetation for PM air pollution.

	

Where Cair is the total amount of PM10 adsorbed (ton); Ax,y is the actual area of the cell; PMx,y is the amount of PM10 adsorbed per unit area of cell (x, y) in the land use type k. PM10 adsorption capacity of cultivated land and ecological land is 92 t/km2 and 445 t/km2(Landuyt et al., 2016; Zhang et al., 2017),.

According to the Technical Guide for the Preparation of Particulate Matter Emission Inventory of Dust Sources issued by the Ministry of Environmental Protection of China, the atmospheric environmental load pressure was calculated using the emission inventory method of soil wind erosion of dust particles (PM10) based on the land use distribution map.




2.3.3.7 Coastal ecological environment pressure

The Habitat Quality and Habitat Risk Assessment models in the InVEST model were coupled to comprehensively assess the impact of human activities on coastal ecosystems, and to determine current and future ecological and environmental stresses in the study area. In the Habitat Quality model, stressors are selected and assigned weights that reflect the intensity of disturbance to the habitat type, which decreases with increasing distance, such that the maximum distance of each stressor is set. The HQ index interval was [0, 1], and the larger the value, the higher the habitat quality. Simultaneously, the responses of different habitat types to stressors varied, and the different sensitivity levels are shown in Supplementary Table 4. In the Habitat Risk Assessment model, the risk or impact of human activities on ecosystems was assessed using six indicators in the “exposure” and “consequence” dimensions (Supplementary Table 5). The HRA index range is [0, 1]; the higher the value, the higher the habitat risk (Zhai et al., 2020).




2.3.3.8 CRECC evaluation

The extreme difference normalization method was used to normalize the original indicator result values such that the index values were between 0 and 1 (Sun et al., 2017), and the indicator weights were calculated based on the entropy weighting method (Mikulic et al., 2015) (Table 1).

Based on the standardized values of each carrying capacity indicator and weights (Wi), the linear weighting method is used to obtain the pressure (Li), index and support index (Ci), which is:   and  ; The indicator CRECC of region i is equal to the ratio of Li and Ci:  .

Theoretically, according to the relationship between the pressure and the support index, the CRECC can be divided into three cases: when CRECC = 1, the resource and environment carrying capacity can just meet the pressure exerted by human activities; when CRECC< 1, the support capacity is greater than the pressure; When CRECC > 1, the support capacity is less than the pressure. The larger the CRECC value, the lower the carrying capacity level; the opposite is true.





2.3.4 Obstacle factors model

The obstacle degree model was used to diagnose the obstacle factors affecting the development of objects (Yang et al., 2022), and consisted of the factor contribution degree Iij and indicator deviation degree Jij, which was calculated as follows:

	

	

Where wi is the weight of the indicator i, Rj is the weight, and Mijis the degree of the obstacle to the support indicator.






3 Results



3.1 Spatial and temporal variation of CRECC from 2000 to 2020

Using the quantitative evaluation method described in Section 2.4, combined with the indicator weight, the pressure index, support index, and fourteen indicators were calculated for the study area between 2000 and 2020.

In the pressure dimension (Table 2), the average pressure index of the Yangtze River Delta coastal zone increased from 0.115 to 0.144 (+25.73%) between 2000 and 2020, mainly due to the growth in food demand and carbon emissions, with respective growths of 32.92% and 212.16%. All other pressure indicators exhibited a decreasing trend. The decreases in other pressure indicators were -49.90%, -75.40%, -1.31%, -23.71%, and -23.15% for fishery demand, construction space demand, water resource demand, air pollutant emissions, and habitat risk. At the city scale, Shanghai, Ningbo, and Lianyungang ranked top three in the pressure index, and the index of all cities showed an increasing trend, with the most significant change from 0.258 to 0.397 in Shanghai (53.94%), and the lowest change of 0.13% in Taizhou. Among the seven pressure indicators, food demand and carbon emissions in the eight cities showed increasing trends, whereas fishery food demand, construction space demand, air pollutant emissions, and habitat risk decreased.


Table 2 | Pressure index value in 2000-2020.



In Table 3, the average support index shows a slight growth trend, increasing from 0.570 to 0.596. This was mainly due to increases in fishery food production, total construction space, and total water resources, which reached 19.11%, 63.94%, and 8.84%, respectively. All other support indicators showed a downward trend. Agricultural food production, carbon storage, air pollutant emissions, and habitat risk decreased by -8.54%, -5.76%, -5.03%, and -30.70%, respectively. On the city scale, Wenzhou, Taizhou, and Ningbo ranked in the top three in terms of the support index in 2000 and 2020. The support index of Shanghai and Ningbo decreased most significantly by-5.97% and-1.04%, while all other cities showed an increasing trend, with Nantong and Lianyungang having the highest values of 5.36% and 5.29%, respectively. Among the seven pressure indicators, agricultural food production, carbon storage, air pollutant emissions, and habitat risk in the eight cities decreased, whereas most of the other support indicators increased.


Table 3 | Support index value in 2000-2020.



According to the method utilized in 2.4.8, the spatial distribution of the CRECC from 2000 to 2020 was obtained in Figure 3. The larger the CRECC value, the lower the bearing capacity; otherwise, the higher the value. From 2000 to 2020, the CRECC increased from 0.535 to 0.578, which is a sustainable level. In 2020, the CRECC in Shanghai reached 1.525, making it the only city where the pressure index was greater than the support index. These eight cities were divided into four categories based on the natural-point method using ArcGIS. In 2000, the carrying capacity of Shanghai was the minimum, that of Wenzhou was the maximum, and three cities had low and high levels. In 2020, the rank of Shanghai remained unchanged, and Taizhou replaced the maximum level. The carrying capacities of Wenzhou and Jiaxing dropped by one, whereas those of Taizhou and Yancheng rose by one. From the perspective of the spatial distribution of change rate grades, the change rates of CRECC in Shanghai and Nantong were 1.57 and 0.56%/a, respectively, which were the maximum levels, indicating that the carrying capacity of these two regions has experienced the largest decline in the past 20 years. Taizhou is the only city that has improved its carrying capacity, at -0.0356%/a.




Figure 3 | Spatial distribution of carrying capacity and change trend classification in the Yangtze River Delta coastal zone from 2000 to 2020.



Overall, the increasing trend of the support index was lower than that of the pressure index. Changes in food and water supply and demand, carbon emissions, and construction space resources were the most prominent. Shanghai was the only city in which the pressure index increased while the support index decreased. The three cities north of Shanghai experienced a much higher change in pressure than the four cities south of Shanghai, whereas the support index had a more balanced spatial distribution. The cities with a higher carrying capacity were mainly located in Zhejiang Province in the south of the study area, which had significantly higher levels than the three cities in Jiangsu Province to the north. Shanghai, which has the largest population and highest economic and urbanization levels, maintained the lowest carrying capacity and showed a decreasing trend.




3.2 Simulation of CRECC based on SSPs in 2020-2050



3.2.1 Scenarios description of SSPs

By coupling the SSP framework and a Future Land Use Simulation Model (FLUS model), the development prospects of coastal zone resources and the environmental carrying capacity of the Yangtze River Delta under different paths in 2050 were explored. The SSPs describe future changes in multiple key variables of scenarios (GDP, population, energy, land use/cover, emissions, climate, agricultural indicators, economic indicators, and technical indicators) and five scenarios (SSP1-sustainable pathway, SSP2-middle pathway, SSP3-regional rivalry pathway, SP4-divided pathway, and SSP5-fossil-fueled development pathway) (O’Neill et al., 2014).

Popp et al. (2017) classified the five SSP scenarios as follows, and this interpretation is adopted in this study: SSP1 has a relatively small population, high energy and resource utilization efficiency, small regional development differences, and a high level of urbanization. SSP2 is consistent with historical development trends, with regional differences still existing, but the process of economic growth and urbanization being relatively stable. The technological level is advanced, and the intensity of resource and energy consumption is reduced. SSP3 sees a rapidly growing population, with relatively slow economic development focused on ensuring regional energy and food security. The inequality between regions is more pronounced. SSP4 has the smallest population, with a large gap between the rich and poor. The achievement of sustainable development depends largely on the actions of relevant departments and institutions. Finally, SSP5 sees a significant increase in population mobility, with a large amount of funds, technologies, and fossil fuels being invested in the pursuit of economic growth. As a result, environmental protection may receive less attention.

Moreover, according to Chen Y. et al. (2020) and Jiang et al. (2018), the total population of the Yangtze River Delta coastal zone first increased and then decreased under different SSPs paths from 2020 to 2050. The population peak is predicted to appear around 2030, and the corresponding total GDP to continue to grow.




3.2.2 Land use simulation based on FLUS model

The FLUS model is a highly accurate and adaptable tool for simulating a wide range of land-use and land-cover change (LUCC) spatial trajectories on global and regional scales, as demonstrated by Chen G. et al. (2020). To predict urban land demand in 2050 under five scenarios, He et al. (2016) constructed a multiple regression model of urban land-use demand, which was based on per capita urban land area, per capita GDP, and urban population panel data from 1990 to 2020. To obtain the land-use demand data required for the FLUS model, Dong et al. (2018) scaled the areas of the remaining land-use types accordingly. The model operates through three specific processes: ① establishment of driving factors (as provided in Supplementary Table 6), ② calculation of suitability probability and conversion matrix (as provided in Supplementary Tables 7, 8), and ③ validation of accuracy and output of results. The kappa coefficient and Figure-of-Merit from the accuracy validation results were 0.81 and 19.96%, respectively, which are comparable to other studies (Chen Y. et al., 2020; Liu X. et al., 2020). Thus, the simulation accuracy of the FLUS model was deemed acceptable. Overall, the FLUS model is a valuable tool for predicting LUCC spatial trajectories, and its accuracy has been validated by multiple studies.

Under the SSPs scenarios, the land use simulation results for different years correlated heavily. Urban land expanded significantly, and the proliferation of small- and medium-sized cities near large cities was also observed. Cultivated land and ecological land shrank, while changes to wetlands were relatively small (Table 4). This phenomenon was most significant in SSP5.


Table 4 | Area change of land use types under different scenarios from 2020 to 2050.






3.2.3 Simulation and spatial-temporal variation of CRECC under different SSPs scenarios from 2020 to 2050

Based on the SSP spatial and panel data and the results of the land use simulation, we calculated the simulation results, spatial and temporal distribution, and change characteristics of the pressure index, support index, and CRECC from 2020 to 2050.

In the pressure dimension (Table 5), the average pressure index predicted for 2050 is 0.131 ~ 0.135 (SSP1 > SSP5 > SSP2 > SSP4 > SSP3), and the predicted change rate is -0.31 ~ -0.20%/a compared with 2020. Among them, the average pressure indexes of agricultural food demand, construction space demand, water resource demand, and carbon emission show a decreasing trend, while carbon emission has the fastest rate of change, reaching -1.99~ -1.96%/a. Air pollutant emissions and habitat risk have an increasing trend of 0.92 ~ 1.24%/a and 0.20 ~ 0.61%/a, respectively. From a city perspective, the pressure indices of Lianyungang and Ningbo have decreased, by 0.46 ~ 0.53%/a and 0.10 ~ 0.41%/a, respectively. The pressure index of other cities showed a decreasing trend, and the rate of change in Shanghai was the fastest, ranging from -0.93 to -0.60%/a. The trends of the six pressure indices were consistent with those of the study area, with Jiaxing and Ningbo showing the highest rates of decrease in agricultural food demand, construction space demand, water resource demand, and carbon emissions. For air pollutant emissions and habitat risk, the increasing trend was relatively evident in Shanghai and cities to the north, such as Nantong and Lianyungang.


Table 5 | Pressure index change in 2020-2050 (%/a).



In the support dimension (Table 6), the average support index in 2050 is 0.244 ~ 0.262 (SSP3 > SSP4 > SSP2 > SSP1 > SSP5), with a change rate of -1.14 ~ -0.98%/a compared to 2020. All other indicators showed a decreasing trend, among which total water resources, carbon storage, and habitat quality were the highest, with rates of change of -0.81 ~ -0.78%/a, -0.39 ~ -0.31%/a, and -0.39 ~ -0.24%/a, respectively. The support indexes of all eight cities decreased, with Jiaxing, Taizhou, and Wenzhou having the highest rates of -1.55 ~ -1.31%/a, -1.25 ~ -1.10%/a, and -1.23 ~ -1.00%/a, respectively. Nantong and Shanghai were more prominent in the changes in agricultural food production, carbon storage, air pollutants storage, and habitat quality. Taizhou and Wenzhou showed the highest rates of change in total construction space and total water resources.


Table 6 | Support index change in 2020-2050 (%/a).



The CRECC simulation and statistical results revealed that the predicted CRECC values for 2050 are 0.606 ~ 0.701 (SSP5 > SSP1 > SSP2 > SSP3 > SSP4), which shows an increasing trend of 0.027 ~ 0.123 compared to 2020. Among the eight cities, only Shanghai had a CRECC greater than 1, and the stress index was always higher than the support index. Spatial classification was based on the natural point method in ArcGIS. Figure 4 indicates that the spatial distributions of SSP1, SSP2, and SSP3 were relatively similar, with five, four, and five cities showing an increasing trend in CRECC, respectively, with Shanghai and Lianyungang at the maximum level. The decreasing trend of CRECC in Jiaxing was most significant in the SSP1 and SSP2 scenarios, whereas it was replaced by Nantong and Wenzhou in the SSP3 scenario. In the SSP4 scenario, only three cities displayed an increasing trend in CRECC, with Shanghai at the maximum level and Yancheng showing the most significant decrease in CRECC. The number of cities with an increasing trend in CRECC under the SSP5 scenario reached six, with Shanghai and Jiaxing being the most prominent, and Yancheng remaining as the city with the most significant decrease in CRECC.




Figure 4 | Trends of CRECC under different SSPs scenarios in the Yangtze River Delta coastal zone from 2020 to 2050.



Overall, the decrease in the support index was approximately triple that in the pressure index between 2020 and 2050, which was the principle reason for the increase in CRECC. This indicates that the resource and environmental carrying capacity is not expected to improve in the coming decades. While there are clear spatial differences in the CRECC trends under the different scenarios, Shanghai remains the most prominent case of a significant decrease in carrying capacity. The performance of neighbouring cities varied greatly under different scenarios, whereas the trends of several cities in northern Jiangsu and southern Zhejiang were more stable under different scenarios.





3.3 CRECC change in the shoreline area

Based on remote sensing data from China’s eastern coastline (Liu et al., 2019), a 10 km buffer zone was generated in the landward direction, and the heterogeneity of the carrying capacity within this buffer zone and the study area was investigated. The results show that the predicted pressure index and CRECC of the shoreline area in 2050 will be higher than the average values for the study area, and the support index is slightly lower for most cities under the five SSP scenarios.

Between 2020 and 2050, the pressure index of shoreline areas is predicted to increase from 0.155 to 0.157 ~ 0.162, and the support index to decrease from 0.259 to 0.212 ~ 0.240. The CRECC changed from 0.653 to 0.759 ~ 0.893 (SSP5 > SSP3 > SSP1 > SSP4 > SSP2), with an increase of 16.30 ~ 36.80%. This value was 3.82 ~ 15.54 percentage points higher than the mean value for the study area during the same period (Figure 5). The carrying capacity of the ecological environment and natural resources in the shoreline area was more severe than that in the study area.




Figure 5 | Changes of pressure index (A), support index (B) and CRECC (C) of 8 cities along the shoreline from 2020 to 2050.



Six of the eight cities, with Taizhou and Wenzhou being the exceptions, had pressure indices above the average stress index of the study area under the five SSP scenarios. Only three cities (Taizhou, Wenzhou, and Ningbo) had high support indices. This resulted in five cities (Lianyungang, Yancheng, Nantong, Shanghai, and Jiaxing) with higher CRECC, indicating a lower carrying capacity. It is significant that the shoreline areas are currently approaching a state of overload, and exhibit an increasing trend for the pressure index, by 2050. Moreover, it is important to acknowledge that the decreasing trend in the support index is moderate.




3.4 Obstacle factors analysis

Through obstacle-degree diagnosis, factors influencing CRECC in each region can be determined and analyzed. Table 7 shows that the most frequent obstacles in 2020 were P3 (water resource demand), S2 (construction space demand), and S5 (air pollutant emissions), which were seven, five, and four times higher, respectively. Under the five SSP scenarios for 2050, the main obstacle indicators for each province are the same. The obstacles with the highest frequencies were S3 (total water resources), S2 (total water resources), and S5 (air pollutant storage), which are 7 times, respectively, 5 and 3 times. This shows that the obstacle factors are mainly supporting indicators, and water resources, land resources, and the atmospheric environment are the main factors affecting the resource and environmental carrying capacity in the Yangtze River Delta coastal zone.


Table 7 | Main obstacle factors of CRECC in Yangtze River Delta coastal zone.







4 Discussion



4.1 Expansion of urban land has important implications for future trends in CRECC

The predicted decrease in the pressure index between 2020 and 2050 is considered to be due to a reduction in resource demand, owing to the continued decrease in population size after 2030. The decrease in the support dimension index can be attributed to changes in future land use patterns. Land has important functions, such as the production of agricultural commodities, water conservation, and the maintenance of stable habitat quality. Changes in the spatial structure of land use and the intensity of development and utilization may change the distribution of the main regional functions and cause fluctuations in the effectiveness of regional resource use and ecological sustainability.

Many studies have shown that changes in urban land use are the principle causes of local ecosystem degradation and loss (McDonald et al., 2008; He et al., 2014). This study overlaid the spatial distribution maps of land use in 2020 and for 2050 under various SSPs scenarios. The results showed that the change in CRECC in the area not affected by the spatial expansion of urban land was negative, whereas the change in CRECC in the area where urban land occupied cultivated land, ecological land, and other construction land was positive. The urban expansion areas accounted for 7.12% ~ 8.48% of the total area between 2020 and 2050, and the CRECC increased by 0.023 ~ 0.052. This indicates that the more the land use pattern is affected by urban expansion, the more obvious the decreasing trend in carrying capacity (Table 8; Supplementary Figure 1). Cultivated land is the main land use type for food production, while ecological land and wetlands are important biological habitats. In the context of global development, urban expansion is an inevitable trend in economic growth, resulting in a reduction in the area of cultivated and ecological land. This trend could exacerbate regional food security problems and deteriorate habitat quality. This finding is supported by similar findings in previous studies (Soesbergen et al., 2017; Zhang et al., 2020).


Table 8 | Effects of major land-use changes on CRECC changes under different SSPs scenarios from 2020 to 2050.






4.2 The pressure on resources and environment in the shoreline area is higher than the overall situation of the Yangtze River Delta coastal zone

The natural resource endowment and environmental management regimes of the Yangtze River Delta coastal zone differ, and their CRECC change processes exhibit clear spatial differences. The shoreline area is influenced by both land and sea economies, while also being constrained by the ecological environment, particularly the marine environment. It had a particularly low carrying capacity over the entire study area. This may have been due to the rapid development of coastal cities and marine economies. China’s coastal cities were the pioneers in the market economy stage, with Lianyungang, Nantong, Shanghai, Ningbo, and Wenzhou among the first open coastal cities in 1984. This was followed by the establishment of new coastal and economic zones in Shanghai and other places. A series of coastal development policies have accelerated population movement along the coast. Seaward activities and integration of land and sea transportation have developed rapidly. Coastal industries and port terminal construction have become increasingly active. The most significant impact was the artificialization of the coastline, with the length of the coastline growing by nearly 20% between 1990 and 2015 (Hou et al., 2016). These changes have resulted in the replacement of coastal habitats with artificially constructed surfaces. Biodiversity in some coastal zone areas has significantly declined due to the loss of biological shorelines, such as mangroves and coral reefs, as well as intertidal silty mudflats. This leads to the loss of ecological functions, which is an important cause of the low comprehensive carrying capacity.




4.3 Impact of major obstacle factors

According to obstacle factor analysis, water resources, land resources, and the atmospheric environment were the main factors. Support indicators exhibit a greater degree of influence than pressure indicators. This indicates that whether the carrying capacity of the Yangtze River Delta coastal zone can be improved in the future, it is necessary to focus on improving the capacity of natural resource supply, enhancing ecological environment management, and implementing rational construction land planning. In contrast to the findings of this study, Yang et al. (2022) concluded that the level of economic development is the primary obstacle to the comprehensive resource and environmental carrying capacity of Hainan Island, China. As the level of economic development in Hainan Island is comparatively lower than that of the coastal cities in the Yangtze River Delta, the development disparities between them are considerable. The coastal cities of the Yangtze River Delta have a high degree of economic development, and the natural resources and ecological environment-carrying capacity have become the main obstacles. Zheng et al. (2017) concluded that the obstacle degrees of energy consumption, investment in urban environmental infrastructure, and environmental protection have the greatest impact on Fujian’s comprehensive carrying capacity. These results indicate that Fujian and the Yangtze River Delta coastal provinces and cities share a high degree of similarity in terms of their comprehensive carrying capacity and development patterns.





5 Conclusion

Studying the current situation and future development trends of resource and environmental carrying capacities is of great significance for enhancing sustainable development and promoting further optimization of management strategies in coastal areas. This study proposes an evaluation framework for coastal resources and environmental carrying capacity (CRECC). We conducted an evaluation to explore the applicability of the scenario simulation method based on shared socioeconomic pathways, and to identify the main resource and environmental limiting factors of the Yangtze River Delta coastal zone. It provides ideas for the exploration of research on resource- and environment-carrying capacities in time and space predictions.

The main conclusions are as follows: (1) CRECC increased, and the carrying capacity decreased between 2000 and 2020. The increasing trend of the support index was lower than that of the pressure index. Shanghai had the lowest carrying capacity, and the carrying capacity of cities south of Shanghai was higher than that of the other cities. (2) During 2020–2050, the carrying capacities in all five predicted SSP scenarios decreased, with the SSP1 and SSP5 scenarios being the most obvious. This is because the decrease in the support index was much higher than that in the pressure index. The overall resource and environmental carrying capacity will not improve in the coming decades. Among these, the mismatch between natural ecological conditions and the intensity of human activities in the shoreline area is more prominent. (3) Support indicators had a more significant impact than pressure indicators. Among these, the supply capacity of water and land resources and the atmospheric quality were the main limiting factors for sustainable economic and ecological development.

We have long been committed to researching the resources and carrying capacities of coastal zones. In our previous research (Liu R. et al., 2020), the coastal resource–environmental carrying capacity index (CRECC) was evaluated based on three dimensions: resource, ecological, and socioeconomic systems. Within this, twenty indicators were selected, and the change characteristics of the CRECC for the Jiangsu coastal zone between 2000 and 2015, and the interaction relationship within the subsystem, were calculated using the entropy weight method, hierarchical analysis, and least squares method. On this basis, this paper presents obvious developments and breakthroughs in theoretical elaboration, model construction, and simulation prediction of coastal resource and environmental carrying capacity. However, this study has the following limitations: i) The uncertainty of the model has not been determined; ii) The number and interaction mechanisms of the influencing factors of resources and environmental carrying capacity were insufficiently explored. Consequently, we concur that future research should aim to enrich the data, continue to improve the model, enhance mathematical and statistical analyses, and evaluate the impact of the flow of resources and environmental factors in the regional space from an open system perspective.
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