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The imbalance of the carbon cycle in terrestrial ecosystems exacerbates global warming. Identifying the spatial–temporal characteristics and drivers of the carbon budget is important for the effective management of complex ecosystems and the achievement of the United Nations Sustainable Development Goals. Based on the complex ecosystem theory, this article constructs two carbon indicators, carbon carrying capacity–carbon footprint matching degree (Carbon-MD), and carbon carrying capacity–carbon footprint coupling coordination degree (Carbon-CCD). Taking a typical lake region—urban agglomeration around Poyang Lake as an example, the spatial–temporal characteristics and driving factors of the carbon budget from 2000 to 2020 are revealed by GIS technology and geographically–temporally weighted regression model. The results show that there is a significant spatial and temporal variability of carbon budget in Poyang Lake city agglomerations from 2000 to 2020, the Carbon-MD shows a gradually decreasing trend, and the Carbon-CCD shows a gradually increasing characteristic from moderate disorder to basic coordination development. From the spatial pattern, the Carbon-MD of the study area showed an increasing character from the core area to the peripheral area of the lake, and the low-value area of Carbon-MD shows the trend of spreading from point to surface and the Carbon-CCD changes from scattered to group type. In addition, land use type always has a significant effect on the carbon budget, while there is a spatial and temporal heterogeneity in the effects of natural and socioeconomic factors on the carbon budget. The research results show that it is reasonable and scientific to construct carbon budget indicators from the perspective of matching supply and demand and coupling and coordination, which provides a quantitative carbon budget analysis tool for local policymakers.

KEYWORDS
 carbon budget, matching degree, coupling coordination degree, spatial–temporal characteristics, driving factors


1. Introduction

Climate warming is a major environmental threat to global sustainable development (Zhenmin and Espinosa, 2019; Wei et al., 2021; Mikulčić et al., 2022), and it has become the consensus of the international community to address global climate change and human activities by promoting a global balance of carbon in terrestrial ecosystems (Fernández-Martínez et al., 2020; Li et al., 2021). Since the release of the IPCC Special Report on Global Warming of 1.5°C, many countries and regions have specified their timelines and measures to achieve carbon reduction (Climate Change 2021: The Physical Science Basis). Since the twentieth century, accelerated global urbanization has not only increased carbon emissions (Liddle, 2014; Yao et al., 2018; Wang W. Z. et al., 2021; Zhou et al., 2022a; Wei et al., 2023) but also weakened carbon sequestration through changes in land use types (Nathaniel and Adeleye, 2021; Zhou L. et al., 2021), ultimately affecting the state of the carbon budget. Carbon cycle imbalance triggers the greenhouse effect, and rebalancing is an effective means to combat global climate change (Li et al., 2019; Mekonnen et al., 2021). Therefore, it is necessary to study the carbon budget of cities from the perspective of the carbon cycle to seek achievements at the UN sustainable development goals (SDGs) and explore the construction of low-carbon cities.

Carbon emissions from human activities and land use change significantly affect the carbon balance of terrestrial ecosystems (Gatti et al., 2014; Wang H. et al., 2021; Wei et al., 2022). Currently, geographers and biologists have conducted many studies on carbon balance accounting, regional carbon cycle, carbon balance, and carbon offset (De Wit et al., 2015; Guo et al., 2017). The research focuses on the estimation of carbon balance, wetland carbon balance, forest carbon balance, carbon balance of urban functional zones, and factors influencing carbon balance (Nepal et al., 2013; Pingoud et al., 2016; Pukkala, 2017; Dolman and Janssen, 2018; Kondo et al., 2018; Maillard et al., 2018; Chuai et al., 2019; Nag et al., 2019; Yang et al., 2021; Mathias and Trugman, 2022). The research fields mainly focus on biology, ecology, and geography (Berhongaray et al., 2017; Tcherkez et al., 2017; Feng et al., 2019), and focus on the carbon budget of various industries (Dolman and Janssen, 2018), with the scale involving countries, provinces, and cities (Williams et al., 2017; Chen et al., 2019; Zhang et al., 2023).

Under the challenge of increasingly dramatic global warming, revealing the spatial–temporal characteristics and drivers of the carbon budget is crucial for regional carbon management (Li et al., 2021; Wang C. et al., 2021). At present, scholars mostly construct the carbon budget index from the perspective of carbon emission and carbon absorption by subtracting or dividing and then exploring the carbon balance zoning of cities or provinces (Lin et al., 2016; Gao et al., 2022). Some scholars propose that the carbon balance pressure index, by calculating the ratio of energy carbon emissions to vegetation carbon sequestration, can reflect carbon neutrality more objectively and comprehensively and guide the green development of cities (Chen et al., 2021). The improvement of carbon balance has an important influence on the development of rapidly urbanized areas (Chen et al., 2019). It is an important support to promote the high-quality development of the regional economy and the construction of ecological civilization (Chuai et al., 2019). Although the traditional carbon budget index can reflect the regional carbon deficit or carbon surplus, it is difficult to truly reflect the pressure caused by carbon emissions on the ecosystem. This problem can be better solved if the carbon footprint and carbon carrying capacity are studied together. This study aimed to comprehensively analyze the spatial–temporal characteristics of the regional carbon budget through two perspectives of supply and demand matching and coupling and coordination, and further analyze its driving factors and incorporate them into the city carbon management system. This study also contributes to the goals of SDGs12 and SDGs13.

Poyang Lake is the largest freshwater lake in China (Yuan et al., 2019), and the wetland of Poyang Lake is one of the six largest wetlands in the world (Feng et al., 2012). The spatial–temporal distribution of water-ecological resources in the lake area affects the carbon cycle and ecological environment of the terrestrial ecosystem, and then the development of urban agglomeration in the lake area. As a typical urban agglomeration of the lake region, the urban agglomeration around Poyang Lake has a relatively complete ecosystem and is in the key period of rapid urbanization. The “water-dependent” urban agglomeration around Poyang Lake is a powerful carbon source and carbon sink (Dai et al., 2021), and is becoming a key area for regional carbon budget research. At the same time, the city agglomeration around Poyang Lake is also a typical fast-urbanizing area and an important ecological function protection zone (Ye et al., 2013). The rapid expansion of urban agglomerations causes changes in land use landscape patterns. It, in turn, acts on the material cycle and energy flow of urban agglomerations, thereby affecting the process and equilibrium state of the carbon cycle (Ye et al., 2013; Li et al., 2019). To combat global warming, the Chinese government has proposed the goal of “carbon peaking and carbon neutrality.” Therefore, taking the specificity and typicality of the urban agglomeration around Poyang Lake into consideration is important to construct a carbon budget index and analyze its spatial–temporal variation characteristics to achieve carbon balance in the lake area.

This study first proposes a comprehensive framework for carbon cycling in urban social–economic–natural complex ecosystems based on the complex ecosystem theory. Second, from the perspective of matching supply and demand, coupling and coordination, two carbon budget balance indicators, carbon carrying capacity–carbon footprint matching degree (Carbon-MD), and carbon carrying capacity–carbon footprint coupling coordination degree (Carbon-CCD), are constructed. Finally, this article takes the urban agglomeration around Poyang Lake as an example to conduct an application study. The third part gives a detailed introduction to the basic situation, data sources, and carbon index calculation model. The fourth part analyzes the spatial–temporal characteristics of carbon indicators of the study area Lake from 2000 to 2020 and further analyzes the driving factors of carbon indicators from land use, natural factors, economic and social factors by using land use transfer matrix, and geographically–temporally weighted regression model. The fifth section focuses on the rationality of the carbon indicator construction process and the scientific validity of the results. The sixth section concludes this study. This study provides a quantitative carbon balance analysis tool for local policymakers and a theoretical and decision basis for policymakers to achieve sustainable carbon management.



2. Carbon cycle framework for urban complex ecosystems

Based on the complex ecosystem theory, the urban social–economic–natural complex ecosystem can be divided into energy subsystem, industry subsystem, and ecological subsystem from the perspective of the carbon cycle (Wang et al., 2011a,b; Yao et al., 2015). The carbon source of the urban complex ecosystem comes from the energy subsystem, industrial subsystem, and ecological subsystem, while its carbon sink is mainly the carbon uptake by vegetation, soil, and water in the ecological subsystem (Houghton et al., 2012; Lai et al., 2016; Zhou Y. et al., 2021). Carbon flows between the three subsystems in the form of organic carbon or inorganic carbon, and under the action of various physical, chemical, and biological processes in the three subsystems, carbon transformation, and carbon storage occur, and finally enter the natural environment in various forms or formats (Schimel et al., 2015; Battin et al., 2023). Fossil energy sources enter the social–economic–natural complex ecosystem through the energy subsystem, and after electricity and heat production, part of them enter the industrial subsystem as carbon-containing products and energy products together with industrial raw materials, part of them enter the ecological subsystem in the form of solid waste, and finally part of them enter the atmosphere in gaseous form to participate in the carbon cycle of the terrestrial ecosystem (Bassham, 1971; Dusenge et al., 2019). From a long-life cycle perspective, the carbon input, carbon consumption, carbon storage, carbon accumulation, and carbon output of the social–economic–natural complex ecosystem constitute a complete carbon cycle system in the energy subsystem, industrial subsystem, and ecological subsystem. The flow of carbon between the energy subsystem, industrial subsystem, and ecological subsystem constitutes the inner cycle of the carbon cycle of the urban’s complex ecosystem. The carbon-containing products and energy products at the carbon export side of the urban complex ecosystem enter the circulation of the consumer market, the carbon-containing waste enters the ecosystem to participate in the natural ecological process again, and the carbon-containing gases enter the atmosphere to participate in the carbon cycle of the terrestrial ecosystem, which constitutes the outer cycle of the carbon cycle of the urban complex ecosystem (Figure 1). Clarifying and characterizing the process of carbon city social–economic–natural complex ecosystems is the basis for carbon budget accounting and spatial–temporal characterization.
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FIGURE 1
 Carbon cycle framework for urban social–economic–natural complex ecosystems.




3. Materials and methods


3.1. Study area

Poyang Lake is the largest throughput lake in the Yangtze River basin, which plays a great role in regulating the water level of the Yangtze River, connoting water, improving the local climate, and maintaining the ecological balance of surrounding areas (Yuan et al., 2019; Dai et al., 2021). Urban agglomeration around Poyang Lake is a typical basin lake-type urban agglomeration, including five cities and some counties (districts), with a land area of approximately 5.319 million km2. Its climate is dominated by a subtropical monsoon climate, and the terrain is dominated by lakes and wetlands, and hilly plains. As shown in Figure 2, the spatial–temporal distribution of water resources in the study area is uneven, the towns and rural settlements are mostly distributed near the water area, and human activities have “hydrophilic” characteristics. Its carbon emissions are mainly concentrated in near-water areas where human activities are more frequent, while ecological resources with strong carbon sink capacity, such as forest resources and grassland resources, are mostly concentrated in far-water areas.

[image: Figure 2]

FIGURE 2
 Location and land use type of the urban agglomeration around Poyang Lake in China.


Since the twentieth century, the Poyang Lake area has experienced three stages of “deep development (2001–2006)-ecological economic zone construction (2007–2014)-ecological urban agglomeration construction (2015-present).” The carbon footprint of the study area has changed greatly since 2000–2020. The study results of this article are important for the carbon balance and ecological protection in the lake area (Figure 2).



3.2. Methods


3.2.1. Carbon emission and carbon sink

The carbon emissions of urban social–economic–natural complex ecosystems originate from the energy subsystem, industrial subsystem, and ecology subsystem (Houghton et al., 2012; Lai et al., 2016; Li et al., 2021). The accounting equation is as follows:

[image: image]

where Cce is the overall carbon emission of the city, Cenergy is the energy subsystem, Cindustry is the industry subsystem, and Cecology is the ecology subsystem.

The carbon sinks of urban social–economic–natural complex ecosystems mainly originate from ecological subsystems, specifically water carbon sinks, soil carbon sinks, and vegetation carbon sinks (Guo et al., 2017; Chuai et al., 2019; Li et al., 2021; Gao et al., 2022). On the one hand, scholars have estimated terrestrial vegetation carbon sinks relatively accurately, but the research on soil carbon sinks is relatively weak, and there are large differences in the valuation of soil carbon sinks due to the limitations of knowledge, data, and technology. On the other hand, in different land types, carbon absorbed by agricultural ecosystems is decomposed into the atmosphere during the harvest season, and whether there is a net sink, and the size of the sink is somewhat controversial. Therefore, only the carbon sink functions of forests, water bodies, and grasslands are considered. Considering the forest resource types in the study area and the existing research results (Zhang et al., 2022), the carbon absorption factor of forest land was calculated as 0.644 t C/(hm2·a). Considering regional similarities and in light of existing research results (Wang C. et al., 2021), combining grassland types and climatic zones in the study area, the carbon absorption factor for grasslands was calculated at 0.021 t C/(hm2·a). Poyang Lake is the largest freshwater lake in China, and its wetland ecosystem is one of the most important carbon reservoirs on earth. Considering the difference in carbon sequestration rates between the geographical location of the Lake region and wetland ecosystems in the north and south, the carbon sequestration factor in the water was 0.253 t C/(hm2·a) (Wang C. et al., 2021). The formula is as follows:
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where Ccs is the total carbon sequestration of water bodies, forests, and grasslands; Ak is the area of the kth land type; δk is the carbon emission factor of the kth land type.



3.2.2. Carbon footprint and carbon carrying capacity

Studies on regional carbon footprints mainly focus on carbon emissions generated by human activities, which cannot portray the balanced relationship between carbon emissions and carbon sinks, while combining carbon footprint and carbon carrying capacity can better solve this problem. Carbon footprint can be regarded as the ecological footprint of carbon emissions, which is the area of ecologically productive land that needs to be occupied to absorb carbon emissions. Carbon carrying capacity can be regarded as the carbon supply capacity of the ecosystem, which is the upper limit of carbon sink capital that can be provided by the ecologically productive land in the region. Net ecosystem production (NEP) reflects the net carbon absorption capacity of terrestrial ecosystems and represents the carbon sequestration capacity of 1 hm2 (squared hectometers) of vegetation or water body in a year, and the conversion between carbon emissions and carbon footprint can be realized by using NEP. Considering the uniqueness of the lake region, the carbon sink capacity of the water body is included in the carbon footprint and carbon carrying capacity. The calculation formula is as follows:

[image: image]

[image: image]

where CF and CCC are the carbon footprint and carbon carrying capacity, respectively; pf, pg, and pw ratios are the carbon sequestration ratios of forests, grasslands, and water bodies.



3.2.3. Carbon budget balance evaluation index

Based on the Chen et al. (2021), Chuai et al. (2019), and Guo et al. (2017) study, the carbon budget balance evaluation indexes include Carbon-MD and Carbon-CCD. There is a certain threshold value for carbon carrying capacity to bear the carbon footprint, which depends on the local and natural state of the ecosystem and takes subject to the scale and way of carbon footprint. When the regional carbon footprint is within a certain range, the carbon carrying capacity can carry the carbon footprint to the maximum extent through self-regulation and elasticity; but when the carbon footprint exceeds a certain limit, that is, the carbon carrying capacity cannot carry the carbon footprint needs, then carbon spillover will occur.


3.2.3.1 Carbon-MD

Carbon-MD is an important indicator of whether the carbon carrying capacity in the region can carry the demand of carbon footprint, which plays an important role in restraining the intensity of carbon footprint and excessive growth of demand. The Carbon-MD further reflects the surplus status of regional carbon revenue and expenditure and can characterize whether the carbon sink of the ecological production system can offset the carbon source. Its formula is as follows:
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where Carbon-MD <1 means that the carbon carrying capacity cannot carry carbon footprint [including mildly unbearable grade (0.85, 1.00), barely impossible to carry grade (0.50, 0.85), seriously unbearable grade (0.00, 0.50)], carbon carrying capacity and carbon footprint are in the unbearable state; Carbon-MD =1 means that carbon carrying capacity and carbon footprint are in equilibrium; when Carbon-MD >1, it means that the carbon carrying capacity can carry carbon footprint [including general carrying capacity (1.00, 1.10), good carrying capacity (1.10, 2.00), and high-quality carrying capacity (2.00, +∞)], and the carbon carrying capacity and carbon footprint are in a bearable state.



3.2.3.2 Carbon-CCD

Carbon-CCD characterizes the level of synergistic development between carbon carrying capacity and carbon footprint, reflecting whether the carbon emissions from human activities develop in line with the carbon sinks that ecosystems can provide, which can reveal the potential of regional carbon budget balance. The formula is as follows:
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where C is the coordination index of carbon carrying capacity and carbon footprint; T is the composite development index of carbon carrying capacity and carbon footprint, which reflects the comprehensive level of carbon carrying capacity and carbon footprint, according to the importance degree of carbon sink and carbon emission system, α and β are assigned, α + β = 1; Carbon-CCD indicates that under the condition that the composite development benefit (CF + CCC) of carbon carrying capacity and carbon footprint is certain, to maximize the composite benefits (CF×CCC), the two carry out the quantitative degree of combined coordination. According to the previous research results and the actual situation, the coupling coordination type of carbon carrying capacity and carbon footprint is subdivided according to the size of the coupling coordination degree Carbon-CCD (Table 1).



TABLE 1 Classification of carbon carrying capacity–carbon footprint coupling coordination degree (Carbon-CCD) types.
[image: Table1]




3.2.4. Geographically and temporally weighted regression model (GTWR)

GTWR considers the expansion of geographically weighted regressive models by considering the non-stationarity of time, incorporating both temporal and spatial effects (Xu et al., 2023). This enables the model to deal with spatiotemporal heterogeneity at the same time, so it has a clear advantage in exploring spatiotemporal variability of carbon budget influencing factors. The construction formula is as follows:
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where β0(ui,vi,ti) is the regression constant, εi is the residual of the model, Xik represents the value of the influencing factor, βk(ui,vi,ti) represents the regression parameter of the variable, that is, the weight factor of the variable in the space–time position (ui,vi,ti).

To measure the beta βk(ui,vi,ti) of each variable k in all space–time location. βk(ui,vi,ti) can be transformed as follows:
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where W(ui,vi,ti) is a space–time weighting matrix that takes into consideration space–time effects.




3.3. Data source

Based on 42 counties of the urban agglomeration around Poyang Lake, the data selected in this study include energy consumption data, land use data, and socioeconomic data. Energy consumption and socioeconomic data are obtained from Carbon Emission Accounts and Datasets for emerging economies (CEADs),1 China Statistical Yearbook (County-level), Jiangxi Statistical Yearbook, and corresponding yearbooks of cities and counties. Land use data were derived from 30 m × 30 m grid data from the Resource and Environmental Science Data Center of the Chinese Academy of Sciences2 for the years 2000, 2005, 2010, 2015, and 2020.




4. Results


4.1. Spatial–temporal characteristics of carbon footprint and carbon carrying capacity

It selected 50, 100, and 150% of the average carbon footprint and carbon carrying capacity of the urban agglomeration around Poyang Lake from 2000 to 2020 and divided the carbon footprint and carbon carrying capacity into four levels: low, lower, higher, and high. Then, the spatial distribution of carbon footprint and carbon carrying capacity in 2000, 2010, and 2020 was visualized through ArcGIS software (Figure 3).
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FIGURE 3
 Spatial distribution of carbon footprint and carbon carrying capacity.


During the study period, the carbon footprint of the study area shows a dynamic increasing trend from rapid increase to steady increase. Since 2000, the carbon footprint of the study area has increased rapidly from 6,255,395.63 hm2 to 14,485,241.37 hm2 in 2010, with an increase in 231.56%. After 2010, its growth rate slowed down but still increased to 27,874,164.9 hm2 in 2020, with a growth rate of 192.43%. The comparison shows that the construction of the eco-urban agglomeration around Poyang Lake (2015–2030) is beneficial to slow down the growth rate of carbon footprint.

The spatial pattern of the carbon footprint at the county level in the study area shows a “core-periphery” structure with the Nanchang municipal district as the core of high value and gradually decreasing outward. The high-value carbon footprint area in 2000 only included Nanchang City District and Nanchang County, while the rest of the areas had a lower carbon footprint due to the fledgling urbanization, slow economic development, and dispersed population. Compared with 2000, the number of high-value areas and lower-value areas of carbon footprint increased significantly in 2010. In addition to the core area of Nanchang City, the high-value area gradually spreads outward, and Jiujiang City becomes the high-value area of carbon footprint with the advantage of transportation location. By 2020, the number of high-value carbon footprint areas will increase to 14 and the number of low-value areas will shrink to 3. The carbon footprint of prefecture-level municipalities such as Fuzhou City, Jingdezhen City, and Yingtan City will increase significantly due to population concentration and economic development.

During the study period, the carbon carrying capacity of the study area shows a trend of “rising, then falling and finally declining.” Since 2000, the carbon-bearing capacity of the study area slowly increased from 15,922,773.77 hm2 to 15,994,651.77 hm2 in 2010, with an increase of only 0.45%. Since 2000, the carbon-bearing capacity of the study area slowly increased from 15,922,773.77 hm2 to 15,994,651.77 hm2 in 2010, with an increase of only 0.45%. Subsequently, it decreases to 15,591,361.26 hm2 in 2020, which is 2.52% less than in 2010. After 2010, the urbanization rate of the study area accelerated, and the urban expansion led to the shrinkage of carbon sinks in land areas such as woodland, waterbody, and grassland. The topography of the county with high carbon carrying capacity is mainly mountainous and hilly, with rich forest resources, which provides a large amount of carbon sink. The counties with a low value of carbon carrying capacity are mainly located in the core area around Poyang Lake, the topography of these areas is mainly plain, and the carbon sink capacity is weak.



4.2. Spatial–temporal characteristics analysis of Carbon-MD

The Carbon-MD can quantitatively reflect the carbon budget of the study area. We used ArcGIS10.8 software to divide the county into seven categories of areas: severe unbearable area, barely unbearable area, mild unbearable area, carbon balance area, average bearable area, good bearable area, and high-quality bearable area in 2000, 2005, 2010, 2015, and 2020 (Figure 4).

[image: Figure 4]

FIGURE 4
 Spatial distribution of Carbon-MD.


From 2000 to 2020, the distribution of Carbon-MD in the study area ranges from 0.008 to 47.6597. From the time change, the Carbon-MD of the whole area decreases from 2.5454 in 2000 to 0.5593 in 2020, which decreases by 78.03% in 20 years, from high quality to barely unbearable. This indicates that the carbon budget of urban agglomeration around Poyang Lake gradually turns into a deficit over time, and its carbon carrying capacity does not meet the demand for an internal carbon footprint.

From the spatial pattern, the Carbon-MD in the study area shows the spatial distribution characteristics of increasing from the core area around the lake, where the built-up area is more concentrated, to the peripheral area around the lake with higher elevation. The low value of Carbon-MD is mainly concentrated in the Poyang Lake Plain, especially around municipal districts such as Nanchang and Jiujiang. The high carrying capacity areas are mainly distributed in Wuyi Mountain in the east of Jiangxi and Luoxiao Mountain area between Jiangxi and Hunan provinces. The spatial distribution characteristics of the Carbon-MD are similar to those of the carbon footprint and opposite to those of the carbon carrying capacity.

From the perspective of spatial evolution, the low-value area of Carbon-MD shows a “point to area” diffusion trend. From 2000 to 2020, the low-value area spreads from Nanchang City and the surrounding counties to the core area around the lake and then to the edge of the lake. In 2000, the Carbon-MD low-value area included only five counties in Nanchang City, Nanchang County, Xinjian County, Jiujiang City, and Chaisang District. By 2010, the low-value area increased to 12 counties, at which time the region-wide carbon revenue and expenditure match was 1.1042, still in a good match stage, indicating that the carbon carrying capacity could still meet the internal carbon footprint at this time. The Carbon-MD low-value area in the study area increases to 20 counties in 2020, concentrated in the core area of the lagoon and the counties in the peripheral area of the lagoon. In addition, due to the vast water area of Poyang County, which is located in the core area of the lagoon, most of its period is in a good bearable and high-quality bearable stage.

In general, the county carbon budget partition has obvious characteristics of the Great Lakes basin, and Poyang County, which is located in the center of the lake, has more water area with a long-term carbon surplus. The core area around the lake is dominated by plains, and the rapid expansion of urbanization in the core area of the “water-dependent” urban agglomeration has led to a carbon deficit. The edge area around Poyang Lake is mainly hilly and mountainous, with rich forest resources and strong carbon sink capacity, while the level of urbanization and industrialization is low due to the topography and terrain, with less carbon emission.



4.3. Spatial–temporal characteristics analysis of Carbon-CCD

There is a coupled interaction between carbon carrying capacity and carbon footprint that promotes and coerces each other. We measured the coupling degree values of county units in the study area in 2000, 2005, 2010, 2015, and 2020, respectively. Then, we spatially visualized the expression by ArcGIS10.8 software to obtain the spatial distribution map of the carbon bearing capacity–carbon footprint coupling degree in the study area (Figure 5).

[image: Figure 5]

FIGURE 5
 Spatial distribution of carbon carrying capacity–carbon footprint coupling degree.


From 2000 to 2020, the distribution of carbon carrying capacity–carbon footprint coupling degree of each county in the study area ranged from 0.2853 to 1. During the two decades, the overall carbon carrying capacity–carbon footprint coupling degree of the whole study area showed a trend of “rising and then falling.” The overall coupling degree of the whole region increased from 0.8999 in 2000 to 0.9987 in 2010 and then decreased to 0.9592 in 2020. It indicates that the whole region of the study area is in a long-term coordinated coupling period, and the carbon carrying capacity and carbon footprint gradually develop in an orderly direction.

From the spatial pattern, the high values of carbon bearing capacity–carbon footprint coupling are concentrated in most of the counties in the peripheral area of the lake ring and the peripheral area of the lake ring. In 2000 and 2005, the low-value areas were clustered in the southern counties of the study area. After 2010, the low-value areas were concentrated in the municipal districts of Nanchang and Jiujiang and the surrounding areas of both.

From the spatial evolution, the high-value area of carbon carrying capacity–carbon footprint coupling shows an increasing trend year by year, from 21 county units in 2000 to 26 county units in 2020. The coupling degree evolution of some counties shows obvious fluctuation. For example, the Nanchang city municipal area has experienced the process of “friction–antagonism–low coupling–antagonism,” and Le’an County, Zixi County has experienced the process from “antagonism” to “antagonism.” Le’an County and Zixi County experienced a leap from “antagonism” to “friction” and even “coordinated coupling.”

The Carbon-CCD can qualitatively reflect the carbon budget balance of the study area. The distribution range of Carbon-CCD in the study area from 2000 to 2020 is 0.1730 ~ 0.8661. Based on the calculation results, we used ArcGIS10.8 software to classify the county Carbon-CCD in 2000, 2005, 2010, 2015, and 2020 into eight types: severely uncoordinated, mildly uncoordinated, mildly coordinated, moderately uncoordinated, moderately coordinated, well-coordinated, and quality coordinated (Figure 6).
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FIGURE 6
 Spatial distribution of Carbon-CCD.


From the spatial pattern, there is a spatial heterogeneity in the distribution of Carbon-CCD of the county unit in the study area, and it shifts from scattered type to group type. The spatial distribution of Carbon-CCD of county units in the study area has a certain correlation, and the high-value area of Carbon-CCD roughly coincides with the high-value area of the coupling degree. The number of low-value areas of Carbon-CCD is much more than the number of low-value areas of coupling degree, but both show the spatial evolution characteristics of gradually spreading outward with Nanchang and Jiujiang municipal districts as the core.

In the time dimension, the Carbon-CCD in the study area showed a gradual increase from moderate disorder to basic coordination, and the average level of coupling coordination increased from 0.3927 to 0.4687. In 2000, the Carbon-CCD ranged from [0.1730, 0.6359], with the lowest value in Hukou County and the highest value in Guixi City. The types of coupling coordination are mainly severely uncoordinated, mildly uncoordinated, mildly coordinated, moderately uncoordinated, moderately coordinated, and good coordination, accounting for 2.38%, 23.81, 30.95, 19.05, 19.05, and 4.76%, respectively. Its overall level is low, and most of them are in mild dissonance. In 2010, the Carbon-CCD was between [0.1440, 0.7524], the lowest value was in Yingtan City, and the highest value was still in Guixi City. The coupling coordination types are the same as those in 2000, but the coordination types of mild and above account for 53.49%, and the overall level has improved, but the increase is not obvious. In 2020, the Carbon-CCD in the study area is between [0.1786, 0.8661], and the lowest and highest value areas are the same as in 2010. The coupling coordination type in Guixi City is improved to the coupling of high-quality coordination, and the coordination type of mild and above accounts for 60.47%. Compared with 2000 and 2010, the proportion of moderate coordination and good coordination increased significantly.



4.4. Natural and anthropogenic factors

Human activities and climate change act together on land cover, which, in turn, leads to significant changes in land use types and affects the carbon emissions and carbon sink of the urban agglomeration ecosystem around Poyang Lake. The mechanisms of land use change on carbon budget include the following two main aspects. There are differences in carbon emissions and carbon sinks between land use types, and land use changes may directly alter the amount of carbon emitted or sequestered. Land use change affects the processes of the carbon cycle in complex social–economic–natural ecosystems, such as energy exchange, carbon metabolism, and geochemical cycling of carbon.

This study made the land use transfer matrix of urban agglomeration around Poyang Lake from 2000 to 2020 through ArcGIS (Table 2). The land type in the study area from 2000 to 2020 has undergone significant changes, which overall show an increase in construction land and water body, and a decrease in farmland, grassland, woodland, and unused land. During the 20 years, the urban agglomeration around Poyang Lake, land use types, except for the same type of conversion, have shifted more unused land to construction land, more grassland to woodland, more construction land to unused land, unused land to a waterbody, and woodland to construction land. By phase, the increase in construction land from 2010 to 2020 is significantly higher than the increase from 2000 to 2010. From 2000 to 2010, the total area of other land types converted to construction land in the study was 35.06 km2. From 2010 to 2020, it is 919.99 km2. During this period, the low Carbon-MD of the study area spread rapidly, suggesting that the expansion of construction land is the main cause of its carbon deficit. The land use type shifts between different types from 2000 to 2010 mainly include farmland to a waterbody, grassland to woodland, construction land to farmland, unused land to a waterbody, waterbody to unused land, and woodland to grassland. In addition, the shift of land use types between different types from 2010 to 2020 mainly includes unused land to construction land, grassland to construction land, construction land to unused land, unused land to a waterbody, waterbody to construction land, and woodland to construction land. During this period, the shift between different land use types was dominated by the shift to built-up land.



TABLE 2 Land transfer matrix of urban agglomeration around Poyang Lake from 2000 to 2020.
[image: Table2]

In addition to land use types, natural factors, and socioeconomic factors are also important factors affecting the carbon budget. Combined with the characteristics of this type of lake city group around Poyang Lake, the lake-ring zoning (LRZ) and normalized difference vegetation index (NDVI) are selected as natural factors. The proportion of built-up area (PBU), regional population density (RPD), and industrial structure (IS) are socioeconomic factors. To avoid interactions between variables, all variables were tested for covariance, and the variance inflation factor values of all variables were found to be less than 10, indicating that there was no significant covariance between variables.

The GTWR model is an extension of the GWR model considering the non-smoothness of time, which incorporates both temporal and spatial effects into the model, enabling the GTWR model to deal with spatiotemporal heteroskedasticity simultaneously. To test the reliability of the model, we compared the fitting results of the GTWR model with the GWR model, as shown in Table 3. The R2 adjusted value of the GTWR model is significantly higher than that of the GWR model, which indicates that the GTWR model has a better fit than the GWR model.



TABLE 3 Statistical results of GTWR and GWR parameters.
[image: Table3]

To compare the spatial–temporal variability of the effects of natural and socioeconomic factors on the Carbon-MD and Carbon-CCD, five periods of data from 2000, 2005, 2010, 2015, and 2020 were selected in this study to calculate the regression coefficients of each influencing factor after standardization. By comparing the magnitude of the absolute values of the regression coefficients of each factor, the dominant factors of each county unit were selected to spatially visualize and express the dominant factors of Carbon-MD and Carbon-CCD in 2000, 2010, and 2020.

As shown in Figure 7, the influence of socioeconomic factors on the Carbon-MD and Carbon-CCD of the study area is stronger in the study period. The area share of built-up area and population density as the highest value is most widely distributed in the county units. In terms of Carbon-MD, the counties with the highest built-up areas are mainly located in the south of the study area and show a trend of “increasing then decreasing” over time, gradually spreading to the northeast. The counties with the highest population density values are mainly located in the northern part of the study area except for Nanchang City and show a trend of “increasing then decreasing” over time and finally distributed in the western and northern parts of the study area. The county units with the highest values of natural factors are mainly distributed in and around the municipal district of Nanchang City, and they show an increasing trend over time. In general, the area dominated by socioeconomic factors gradually decreases, and the area dominated by natural factors increases correspondingly.

[image: Figure 7]

FIGURE 7
 Spatial distribution of influencing factors of Carbon-MD and Carbon-CCD.


From the Carbon-CCD, the number of county units with the built-up area, population density, and NDVI as the dominant factors is relatively balanced. The county units with the percentage of the built-up area as the dominant factor are mainly distributed in the southwestern part of the study area, and gradually expand like the northeastern part, eventually dominated by the peripheral area around the lake. The county units with population density as the dominant factor are mainly located in the northwestern part of the study area and show a decreasing trend. The county units with NDVI as the dominant factor were mainly distributed in the eastern part of the study area and showed a gradually increasing trend. In general, the area of the strong role of socioeconomic factors on the Carbon-CCD is gradually decreasing, and the area of NDVI as the dominant factor is increasing.




5. Discussion


5.1. Rationality of the process and the scientific nature of the results

This study applies the carbon-bearing Carbon-MD and Carbon-CCD for the first time to analyze the spatial–temporal characteristics of the carbon budget in the study area, and it is necessary to explore the rationality of its process and the science of the results. Based on the complex ecosystem theory, this article portrays the complete process of the carbon cycle in the urban complex ecosystem from three perspectives: energy subsystem, industry subsystem, and ecological subsystem, which provides theoretical and framework support for carbon budget accounting in the study area. Existing studies only consider the carbon sink function of forest land and grassland when calculating carbon footprint and carbon carrying capacity (Lenzen et al., 2018). However, inland waterbody and phytoplankton, aquatic plants, heterotrophs, and microorganisms in inland waterbody have great carbon sequestration potential and can share the carbon-neutral pressure of terrestrial ecosystems. Considering the uniqueness of the lake area, this article incorporates the carbon sink of waterbody into the accounting system of carbon footprint and carbon carrying capacity of urban agglomeration around Poyang Lake. Based on the theory of human–land synergy, ecosystem service theory, and landscape ecology theory, the carbon carrying capacity–carbon footprint matching degree and coupling coordination degree indicators are constructed with solid theoretical support. The Carbon-MD and Carbon-CCD are the results of the interaction response between human activities and ecosystems. The harmonization process of the contradictory human–earth relationship is the core theme of geography research (Ouyang et al., 2022). Carbon balance is one of the best means to seek harmonious coexistence between humans and the environment in the context of global climate change (Zhou Y. et al., 2021). Carbon carrying capacity belongs to the regulating services of ecosystem services, and carbon footprint characterizes the degree of pressure of carbon emissions from human activities on natural systems. The carbon balance status of a region is an expression of its landscape pattern. Various methods such as the greenhouse gas inventory method, carbon sequestration inventory method, and carbon balance indicator method are used to integrate multisource data such as energy consumption data, land use data, ecological and environmental type data, and socioeconomic data, and the data have objectivity in the process of indicator construction. These provide a guarantee for the scientific base of the results of this article.

Since both carbon indicators are new, this study was compared with other related studies. Guo et al. (2017) used the ratio of carbon sinks to carbon emissions to construct a carbon neutrality factor and found that the unbalanced spatial distribution of carbon emissions and carbon sinks is the main reason for the spatial variation of the carbon neutrality factor. Chen et al. (2021) constructed a carbon balance pressure index using the ratio of carbon emissions to vegetation carbon sequestration to measure the ecological pressure caused by carbon emissions in 77 countries from 2000 to 2015 and found that carbon emissions have become the direct cause of the rising pressure on the global carbon balance. Wang C. et al. (2021) analyzed the spatial pattern of carbon sources, carbon sinks, and carbon balance in the Beijing–Tianjin–Hebei region from the perspective of land use carbon emissions through the difference between carbon sources and carbon sinks. Li et al. (2021) studied the terrestrial carbon sink/source changes in China caused by land use change, and carbon balance partitioning should be conducted for its six regions. Based on previous studies developed by this group, it is scientific to use carbon footprint and carbon carrying capacity to construct carbon budget balance indicators, considering spatial heterogeneity and regional uniqueness, and its comparability on spatial–temporal scales can be applied.

The Carbon-MD F reflects the carrying status of ecosystems to carbon emissions from human activities, and its index value is influenced by the endowment of ecosystems and human activities. Therefore, the differences in ecological resources and human activities determine the spatial and temporal heterogeneity of the Carbon-MD. The Carbon-CCD reflects the coupled coordination relationship between carbon carrying capacity and carbon footprint. The Carbon-CCD reflects the sustainability of the ecosystem’s carbon budget balance. Thus, the ecological resource endowment and the degree of carbon emissions from human activities determine the sustainability of the carbon balance. Therefore, the two carbon budget balance indicators of Carbon-MD and Carbon-CCD developed in this study have certain scientific and practicality.



5.2. Factors influencing the spatial–temporal characteristics of carbon indicators

The combination of internal and external factors has led to the heterogeneity of the spatial–temporal distribution of carbon budget balance in the study area. From the internal composition of the index, the carbon footprint has become the direct cause of the decrease of the Carbon-MD in the study area due to the relatively stable change of the carbon carrying capacity. The uneven spatial–temporal distribution of water-ecological resources in the lake area has led to the spatial mismatch of carbon footprint and carbon carrying capacity in the study area. The carbon footprint of the lake-ring edge area and the lake-ring periphery area gradually approaches its carbon carrying capacity, which is the main reason for the increase of the Carbon-CCD value of these two regional county units. Human activities caused a large shift in land use types, which further affected the carbon budget balance by changing the landscape pattern (Zhou et al., 2020; Ouyang et al., 2021). The research results show that the increase in construction land leads to the main reason for the decrease of Carbon-MD in the study area. Therefore, to achieve the carbon balance goal, urban agglomeration around Poyang Lake should focus on carbon reduction activities first, and adopt sink enhancement means second. In addition to land use types, we quantified the effects of five factors on carbon budget balance from two perspectives of natural factors and socioeconomic factors, focusing on comparing the absolute values of regression coefficients of natural and socioeconomic factors. It was found that the built-up area and population density were the main factors affecting the carbon budget balance of the study area. Compared with natural factors, socioeconomic factors are the main influencing factors of carbon budget balance. This also reflects from the side that the increasing human activities are the main cause of ecosystem disorders (Xing et al., 2021; Li et al., 2022; Zhou et al., 2022b).



5.3. Limitation and future research

This article analyzes the spatial–temporal characteristics of the carbon budget balance of the lake urban agglomeration through two carbon budget balance indicators, Carbon-MD and Carbon-CCD, and has achieved certain results. Since the urban carbon cycle process is extremely complex, it is a challenging task to comprehensively characterize the carbon sources, sinks, and flows in different cities. A framework of the urban carbon cycle was constructed under the guidance of the social–economic–natural complex ecosystem theory, and further measured the carbon sources and sinks of the urban agglomeration around Poyang Lake. However, the carbon source accounting process used in this study does not consider carbon emissions from human and plant, and animal respiration, and carbon emissions from microbial decomposition. Meanwhile, carbon sequestration by soils is a complex process, and our carbon sink accounting process does not include carbon sinks from soils. In terms of influencing factors, we explored the effects of land use type, NDVI, the proportion of built-up area, population density, and industrial structure on the carbon budget of the study area. Considering the special characteristics of the lake area, we analyzed the influence of the distance zoning of the city from the lake center on its carbon budget balance. However, the carbon budget of different regions is subject to different factors and there are interactions among these factors. How to reveal the interactions among multiple factors and their transmission mechanisms on carbon budget balance is one of the directions that need to be urgently researched in future.




6. Conclusion

This study proposes a carbon cycle framework for urban social–economic–natural complex ecosystems from three subsystem perspectives: industrial subsystem, energy subsystem, and ecological subsystem. The framework portrays the carbon cycle process of the city from both vertical and horizontal perspectives, which can provide a scientific reference for low-carbon urban management. Furthermore, this study constructs two carbon balance indicators, Carbon-MD and Carbon-CCD, based on the relationship between carbon carrying capacity and carbon footprint. Unlike previous studies, this study considers both the uniqueness of the lake area for carbon sink accounting and the relationship between people and land and adopts carbon carrying capacity and carbon footprint instead of carbon source and carbon sink. The spatial–temporal variability of the carbon budget balance in the urban agglomeration around Poyang Lake from 2000 to 2020 is significant. The distribution of Carbon-MD in the study area from 2000 to 2020 ranges from 0.008 to 47.6597 and shows a decreasing trend over time. The Carbon-MD in the study area shows the spatial distribution characteristics of increasing from the core area of the lake to the peripheral area of the lake with higher elevation. From 2000 to 2020, the distribution range of Carbon-CCD in the study area is 0.1730 ~ 0.8661, showing a gradual increase from moderate disorder to basic coordination. The distribution of Carbon-CCD is spatially heterogeneous in the study area, and it is shifting from scattered to grouped. Finally, this article analyzes the influencing factors of carbon budget balance in the study area in terms of land use, natural factors, and socioeconomic factors. The two carbon budget balance indicators constructed in this article not only have advantages in describing the spatial and temporal characteristics of regional carbon balance but also are effective tools for regional low-carbon management.
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