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Abstract

:

During the process of rapid urban expansion, there has been a growing interest in understanding the spatial requirements of green spaces. However, limited research has evaluated green space demand specifically in terms of carbon storage and carbon emissions. This study introduces a novel methodological framework that aligns ecosystem service functions with both supply and demand, considering carbon storage and carbon emissions as crucial perspectives. The goal was to develop a comprehensive approach to assess the matching between the supply and demand of green spaces based on their carbon-related ecosystem services. The following research questions were developed to guide this study: (1) What are the spatial and temporal characteristics of carbon storage? (2) What are the spatiotemporal variations in carbon emissions on a city scale? (3) How does a city obtain the demand priority evaluation of green spaces in terms of carbon neutrality? Using Guangzhou as a case study, we employed the integrated valuation of ecosystem services and tradeoffs (InVEST) model to measure the spatial and temporal patterns of carbon storage. Remote sensing data were utilized, along with emission factors, to analyze the spatial and temporal characteristics of carbon emissions. The line of best fit method was employed to predict future carbon storage and carbon emissions, as well as population density and average land GDP. Based on these predictions, we prioritized the demand for green spaces. The results indicate the future demand priority order for green spaces in different districts. We suggest that this green space demand evaluation model can serve as a reference for future policy making and be applied to other cities worldwide.
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1. Introduction


Climate change has become a global issue due to carbon emissions in the wake of modernization and urbanization. Carbon dioxide (CO2) is a main greenhouse gas that is emitted primarily due to the use of fossil fuels and deforestation worldwide [1,2]. Carbon storage (CS) involves making a carbon sink using plant photosynthesis, and the main type of space used for carbon storage is green space, which is organized with many different species of plants to absorb CO2 [3]. With urban space expansion, the change in vegetation coverage and land use type significantly impact CS, which also significantly impacts soil quality, land productivity, agricultural production, and food safety, as well as regional ecology, the environment, human survival, and social and economic development. Moreover, efficiently estimating climate change mitigation and ensuring standardized protocols and enhanced data quality are imperative in CS research, particularly when conducting an integrated assessment of land use changes and their influence. By scrutinizing historical changes from a contextual standpoint, valuable insights are gained for developing sustainable land management strategies [4,5]. China’s government has committed to reducing greenhouse gas emissions by 2030 and achieving carbon neutrality by 2060. This goal is especially pertinent to the city of Guangzhou, which is one of the most developed and densely populated urban agglomerations in China. The expansion of built land in Guangzhou has made it difficult to reduce carbon emissions (CEs) [6]. Moreover, rapid urban expansion has negatively impacted green spaces, which has become an important factor limiting city sustainability [7,8]. This strays from the urban plan goal of creating livable, sustainable, and functional urban environments that meet the needs of the population. Despite urban planners noticing that built land expansion will harm CS, it is still common for urban planners to overlook the allocation of green spaces in favor of increasing prosperity, especially in developing countries. Some studies have analyzed vegetation, land use, and management to inform sustainable urban planning using life cycle assessments to explore the transition from global urban green spaces to nature-based solutions. By assessing vegetation, species composition, and carbon sequestration potential, these studies provide insights into their role in sustainability and climate change mitigation [9,10,11]. Therefore, this research on the demand priority of green spaces is significant in promoting low-carbon cities.



Green space, carbon storage, and carbon emission are closely related. Firstly, CS strongly depends on green space distribution. It can be regarded as the value of urban land with vegetation and is considered to be one of the most promising options available to reduce carbon dioxide (CO2) emissions into the atmosphere as a result of urban expansion [12,13,14,15]. It is also a way to mitigate the accumulation of greenhouse gases in the air released by burning fossil fuels and other anthropogenic activities [16,17]. In addition, the increase in atmospheric CO2 caused by land use and land cover change (LUCC) is a driver of the increasing global climate. There should be a precise, accurate, and cost-effective method for measuring the quantity of CS [18,19,20]. InVEST (integrated valuation of ecosystem services and tradeoffs) is a suite of models that is used to calculate and evaluate natural goods and services that sustain and fulfill human life [16]. Furthermore, green spaces are the main type of space used to remove atmospheric CO2. CEs, primarily from the combustion of fossil fuels, have risen dramatically since the start of the industrial revolution. Matching the demand for CS and green space is the main way to reduce CEs. The existing research on the demand for green spaces mainly focuses on the social aspect to judge whether there is enough green space for different people [21,22,23]. Most of the world’s greenhouse gas emissions come from countries that have a strong need to develop their economies [24]. However, CEs are not only reduced by people themselves, but also by different industries or traffic. Therefore, it is not enough to use human factors such as the distance between residents and green spaces to evaluate demand. Unfortunately, few researchers have focused on the carbon perspective to evaluate the demand and supply of green spaces. To summarize, the gap between CS and CEs reveals the need for green spaces from urban planners [25]. Moreover, this research will be more useful for policymakers if it carries out predictions of CS and CEs to guide the green space demand, as analyzing past trends in CEs and CS is a useful way to predict future demand [24]. Our work aims to fill this research gap by focusing on evaluating green spaces from the perspective of the gap between CEs and CS, as green spaces will have a dominant role in absorbing carbon emissions and creating more CS in the future [26,27].



Therefore, this paper focuses on the following questions: (1) How are cities of different residential densities performing in terms of green space supplies? (2) What are the turning points in the relation between green supply and residential density? (3) How do cities balancing the green space supply and green space pressure in Europe? In addition, this study aimed to develop a novel methodological framework for matching each ecosystem service function regarding both the supply and demand sides from the perspective of carbon storage and carbon emissions.



In this study, we used remote sensing data with the InVEST model to calculate CS from temporal and spatial perspectives [28]. The emission factor (EF) was used to calculate the current CEs from temporal and spatial perspectives using data of components such as electricity, fuel, and water. Furthermore, this research focused on the growth rate method to predict future CS and CEs. The characteristics of CS and CEs indicate a relationship between carbon and green space; however, this is insufficient, and social and economic factors should also be taken into consideration. These considerations can be seen in much of the existing research [29,30]. Moreover, the factors and data on green space service changes, i.e., the gap between carbon emission and carbon storage, population density, and average land gross domestic product (GDP), can be obtained to express the green space demand in different districts. Lastly, we developed a method to evaluate the demand priority of green space in different districts in Guangzhou.



This research is structured as follows: The methods are detailed in Section 2, including the study area, data source, and the methodology used for calculating carbon. Section 3 presents the results of the CS and CE analysis in Guangzhou. The demand priority evaluation of green space is further discussed in Section 4. In Section 5, we conclude with the main results and suggestions for further research.




2. Materials and Methods


2.1. Area for Case Study


Guangzhou is situated in the southern part of China, in the center of the Pearl River Delta in the Guangdong province. Its northeastern region is characterized by high relief, while the southwest is marked by low relief. The city’s northern regions are hilly and mountainous, covered with thick forests and low mountains such as the renowned Baiyun Mountain, or “The Lung of the City”. The central area is mainly hilly and surrounded by a series of rivers and canals. The Pearl River and its tributaries pass through Guangzhou, with the northern and southern branches of the Pearl River forming a huge delta. The annual rainfall is 1720 mm. Guangzhou has a land area of 7434.4 km2 and a 41.67 ecological land cover (forests, grasslands, water areas, and wetlands). The built-up area comprises 25.44% of the town’s total area [31]. There are eleven districts in Guangzhou City: Yuexiu, Liwan, Haizhu, Tianhe, Baiyun, Huangpu, Panyu, Huadu, Nansha, Conghua, and Zengcheng [31] (Figure 1).




2.2. Data Source


Remote sensing refers to the process of sensing and monitoring the physical properties of a region from a distance (typically from a satellite or aircraft). Researchers can “sense” facts about the planet using an RGB camera or a thermal infrared camera that collects remote-sensing photos [32]. We collected remotely sensed data in the years 2000, 2010, and 2020. Remote sensing interpretation is the process of extracting object information from remotely sensed images. Visual interpretation is the process by which professionals obtain target-specific information from remotely sensed imagery via direct observation or with the aid of interpretive tools. Remote sensing image understanding is also known as computerized remote sensing image interpretation [33,34].



Guangzhou’s land use data for the years 2000, 2010, and 2020 were obtained from the Chinese Academy of Sciences’ Data Center for Resources and Environmental Sciences via remote sensing interpretation. The land uses were categorized as woodlands, grasslands, croplands, water areas, construction lands, and unused lands. The resolution of the data was 0.3 km × 0.3 km (Figure 2).




2.3. Research Method


2.3.1. The InVEST Model


In the present study, the simulation and evaluation of CS in urban spaces with vegetation were completed using the InVEST model. The InVEST model (https://naturalcapitalproject.stanford.edu/software/invest, accessed on 19 December 2022) is an open-source software developed by the Natural Capital Project from Stanford University, the University of Minnesota, the Chinese Academy of Sciences, the Nature Conservancy, the World Wildlife Fund, the Stockholm Resilience Centre, and the Royal Swedish Academy of Sciences. InVEST is a valuation model that has a strong practical performance and can quantify the value of ecosystem services. The InVEST model estimates long-term carbon storage in the current landscape using maps of LUCC and CS from above-ground biomass, below-ground biomass, soil, and dead material. The CS and sequestration modules of InVEST combine the land-use cover type with CS for evaluation and study, and the results of the output are intuitive and reliable. The ecosystem CS calculation used in the model is based on land-use type as the unit of assessment. The CS in terrestrial ecosystems is evaluated via grid calculations according to the average carbon density data on the above-ground carbon pool, underground carbon pool, soil carbon pool, and dead carbon pool in different land use types in the study area. This study focuses only on terrestrial CS. The InVEST model aims to assess the relationship between land-use and ecosystem services functions. The model has been developed to include multiple modules such as water conservation, habitat suitability, and carbon storage, forming an important model that incorporates multiple ecosystem service valuation functions. One of these is the CS service module, which has been successfully applied in practical studies in many areas of global research. CS in the ecosystem includes above-ground CS, the sequestration of vegetation by underground carbon, soil carbon storage, and CS in dead organic material. The formula is as follows:


Ctotal = Cabove + Cbelow + Csoil + Cdead



(1)




where Ctotal represents the total ecosystem carbon storage (t), Cabove represents the carbon density in the above-ground biomass (t/km), Cbelow represents the carbon density in the belowground biomass (t/km), Csoil represents the carbon density of the soil (t/km), and Cdead represents the carbon density of the dead matter (t/km).




2.3.2. Land Use Dynamic Attitude


Changing the structure of land use types alone is not sufficient to reveal the pattern of urban land change. In this section, the dynamic attitude of a single land use type is adopted to further reveal the characteristics of land use change. We used the dynamic attitude of a single land-use type to investigate the characteristics of land-use change and reflect the rate of regional land change. The mathematical formula is as follows:


  K =      U b  −  U a       U a    ×  T  − 1   × 100 %  



(2)




where Ub is the land type area at the end of this study (ha), Ua is the land type area at the beginning of this study (ha), T is the time interval of this study (year), and K is the dynamic attitude of a single land-use type. If K is greater than zero, the area of the land type increases, and if it is less than zero, the area decreases. If |K| is larger, the land type changes faster.



In this sense, the LULC and carbon pool data were input into the InVEST model to conduct an analysis (Figure 3). Based on the land use data of Guangzhou from 2000 to 2020, this study aimed to evaluate the effects of land-use (LULC) changes on the dynamics of CS.




2.3.3. Carbon Emission Calculation


The emission factor (EF) is a commonly utilized measure in carbon emission assessment at the city level. Based on the EF, the annual carbon emissions of urban households were determined by analyzing the water, electricity, natural gas, and car fuel bills obtained from questionnaire responses (Table 1). The calculation of CO2 emissions follows the equation provided below [35]:


CE = E × f



(3)




where CE is the amount of CO2 emissions (kg), E is the energy use, and f is the emission factor of energy (kg CO2 e/kWh).




2.3.4. Line of Best Fit to Predict Future CS and CEs


The term “best fit” refers to the construction of a line that minimizes the gap between price points and the actual linear regression line [36]. Choosing the most suitable probability model involves not only visual observations but also numerical tests [37]. In the case of the previous CS and CE data, there was a close alignment between the time data and the line, with the right tail of the data falling near the line. Therefore, the line of best fit for the CS and CE data was utilized in the SPSS 22.0 software to make predictions about future CS and CE values.






3. CS and CE Analysis


3.1. Spatio-Temporal Changes in Land Use


3.1.1. Land Use Structure Change


The characteristics of the land use types were analyzed for different periods with the ArcGIS spatial analysis tool. The main findings are as follows: (1) Regarding the overall characteristics, the land use area sizes order in Guangzhou was: woodland > cropland > construction land > water area > grassland > unused land. Moreover, the proportion of construction land increased, while the proportion of woodland and cropland decreased. (2) Regarding the structural changes from 2000–2020 (Figure 4 and Table 2), in 2000, the area of the forest land was 3126.85 km2, and in 2020, the remaining area of the forest land decreased to 3040.03 km2. The proportion of forested land was 42.16% in 2020, which was still the land-use type with the highest proportion of urban land area, belonging to the dominant landscape type. The census data for the year 2000 indicated that the cultivated area was 2588.12 km2, comprising 35.89%, and the area shrank to 2077.91 km2 in 2020 with a sharp decline, representing 28.82%. The data also indicated the built-up area was 805 km2, comprising 11.16%. As of 2020, the built-up area was 1470.67 km2 or 20.40%, and of all the land types, the rate of increase in the construction land area was the highest. In the year 2000, the water area was 579.23 km2, accounting for 8.03%, and in 2020, the water area was 522.67 km2, accounting for 7.25%. There was a relatively small proportion of grassland and unused land, and a relatively small change in the area.




3.1.2. Land Use Dynamic Attitude


The land use dynamic attitude (Figure 5) was the highest for the years 2000 to 2010, showing significant urban expansion. The land use dynamic attitude of construction land was 7.11%, which changed the most. Cultivated land degradation decreased by −1.83%. The construction land size area increased, while the area of the other land types declined.



From 2010 to 2020, construction land in Guangzhou increased by 93.61 km2 (0.68% growth). The changes in land use were gentler, with decreases of −0.17%, −0.04%, −0.64%, and −0.67% in cultivated land, forest land, grassland, and water areas, respectively. Unused land increased slightly (0.01 km2) with a land use dynamic attitude of 0.04%. Guangzhou’s urban development showed moderate and steady growth, with a lower land use dynamic attitude than before.



In summary, woodland was the main land type in Guangzhou. Construction land rapidly expanded, primarily at the expense of the cultivated land and woodland. The most significant changes occurred during 2000–2010, followed by a decreased rate of change in 2010–2020. The construction land experienced the highest transformation, particularly impacting the cultivated land. The other land types saw minimal changes.





3.2. Identifying CS Characteristics


3.2.1. CS Characteristics in the Time Dimension


CS includes aboveground and subsurface vegetation carbon storage, soil carbon storage, and CS in dead organic matter (Table 3). The analysis of CS over time and spatial dimensions was based on land use change. The carbon module of the InVEST model required the input of land use type data, and a carbon density table was determined primarily by referring to literature and revising the formula. The changes were calculated using the InVEST model.



The results show that the CS in Guangzhou decreased by 4.11% from 2000 to 2020, with an average annual decrease of 8.33 × 104 t. From 2000 to 2010, the total CS decreased by 3.77%, with an average annual decline of 15.27 × 104 t. From 2010 to 2020, the total CS decreased by 0.36%, with an average annual decline of 1.39 × 104 t. Upon entering the 21st century, urban construction in Guangzhou entered its peak, and the carbon loss reached its peak from 2000 to 2010. After 2010, the expansion of construction land was moderated, and the land change tended to be stable. During this period, the carbon loss in Guangzhou was alleviated. The change in carbon reserves in Guangzhou was drastic from 2000 to 2010. During this period, rapid economic growth and accelerated urbanization in Guangzhou also resulted in a strong demand for land development. After 2010, land development activities eased significantly.



In summary, carbon sinks are falling. From the time dimension perspective, the ecological spatial CS in Guangzhou is trending downward. With 2010 as the turning point, CS declined rapidly from 2000 to 2010 and slowed down significantly from 2010 to 2020. CS significantly changed in the area around the urban center during 2000–2010 and was relatively moderate during 2010–2020.




3.2.2. CS Characteristics in the Spatial Dimension


As illustrated in Figure 6, the largest carbon reserve in Guangzhou is forest land, which is mainly distributed in the northern and central eastern regions. The forest land coverage in these regions is high. Low values are mainly found in construction land, which is mainly distributed in urban areas along the lower reaches of the Pearl River and is greatly affected by urban construction activities. CS decreased significantly in the Huadu District, Baiyun District, Huangpu District, and Panyu District (Figure 7). Overall, the areas of CS decline are mainly distributed around the central urban areas, which is mainly due to the impact of urban expansion via human activities. Conversely, CS increased in the Nansha District, Zengcheng District, Huadu District, and Baiyun District, which was mainly due to the policy of afforestation and returning farmland to forest. However, the increased area was small.





3.3. Identifying CE Characteristics


As illustrated in Figure 8, CE grew slowly before 2002 and rapidly from 2002 to 2011, then gradually fell from 2011 to 2016. Among the administrative regions, Guangzhou, Panyu, Baiyun, and Huangpu showed rapid increases. Moreover, the comprehensive energy consumption of the six industrial energy-consuming industries (the electricity and heat generation industry, the metal and mineral products industry, the petroleum and coal processing industry, the chemical raw material manufacturing industry, the non-ferrous metal industry, and the ferrous metal industry) is still as high as 5,827,700 tons of standard coal, accounting for 75.5% of the CEs of approximately 14,317,000 tons. CEs increased by 68.1 percent in 10 years, and CO2 emissions from the construction sector have continued to grow, overtaking the industrial sector as the city’s largest CO2 emitter.




3.4. Reasons behind CS and CE Characteristics


According to these findings, we hypothesized that certain crucial reasons have an impact on CS and CE. These elements include the following: (1) variations in urban planning during different phases, and (2) inadequate political guidance concerning urban spaces.



Firstly, discrepancies in urban planning during different developmental stages have caused significant disparities between the population density and the distribution of green spaces in urban regions. In the past, Guangzhou experienced substantial benefits from the implementation of reform and opening-up policies, leading to a rapid increase in construction land [38,39]. Consequently, some green spaces were replaced, and older urban areas experienced swift development. Subsequently, the population density escalated quickly, while land availability gradually diminished. Consequently, there was insufficient space to establish expansive and comprehensive urban areas. As the city expanded and positioned itself as an industrial hub, urban plans began incorporating areas that were primarily designated for industrial production, commercial use, and housing. This planning approach has likely contributed to spatial inequality in terms of community satisfaction and engagement spaces.



Secondly, there has been a lack of emphasis on the development of green spaces as a consequence of inadequate political leadership. Existing research indicates that in the context of global competition, capital cities actively prioritize the provision of green spaces to enhance their urban images [40]. However, cities tend to place greater importance on socioeconomic development, while the construction of green spaces receives comparatively less attention. When faced with conflicts related to land use, preference is given to land-use functions that generate economic benefits. Additionally, there is a low rate of policy implementation, further exacerbating the issue.





4. Demand Priority Evaluation of Green Spaces


4.1. Prediction of Carbon Storage


The year 2030 is expected to be the carbon emission peak in China; therefore, the line-fitting method was used to predict CS in 2030. The results show that the CS in most districts has been declining from 2000 to 2020 and is expected to further decline to a lower level in 2030 (Figure 9). The Liwan District has the largest rate of decline, followed by the Haizhu District and the Panyu District. As the largest carbon sinks in Guangzhou, the Conghua District and the Zengcheng District appear to be in an insignificant downward trend. Starting with the smallest CS among the 11 districts, the Yuexiu District has been increasing its CS at a slow rate.




4.2. Prediction Result Analysis of Carbon Emissions


As the year 2030 will be the CE peak in China, the prediction of CEs was used for the growth rate method. The line fitting method is improved and designed to predict CS. However, as the electricity consumption is stabilized and the CEs from power plants are controlled, the effect of CS reduction will become increasingly significant. According to the CS prediction results, the CEs in most parts of Guangzhou will reach approximately double the number of the current statistics in the year 2030 (Figure 10).




4.3. Demand Priority of Green Space


CS and CE were strongly linked to green space in the above analysis, but they were not the only two factors used to evaluate the green space demand in different districts. Returning to the literature review, the scholars’ understanding of green space demand is as follows: (1) Green space demand refers to the consumption of ecosystem products and services by humans within a specific timeframe [41]. (2) Green space demand encompasses individual preferences for specific attributes of ecosystem services, such as location, time, and opportunity cost [42]. (3) Green space demand represents the consumption or expected acquisition of ecosystem services by society [43]. Understanding and quantifying ecosystem services and their perceptions is crucial for effective green space management. The distribution of green spaces and their relation to urban development and economic factors influence demand. Analyzing these factors informs better management strategies [44,45,46,47]. In this study, we adopted the third perspective, considering both currently obtained and expected ecosystem services. To express the green space demand in different districts, we considered factors such as the gap between carbon emissions and storage, population density, and average land GDP. The gap between carbon emission and storage reflects the human consumption of green spaces, while a higher population density indicates a greater number of demands for green space services. However, population densities and average GDPs may fluctuate significantly in highly developed regions. To address this, we applied a logarithmic transformation to dampen extreme fluctuations without compromising the overall distribution trend. The formula used for this calculation is as follows:


X = Xa × lg(Xb) × lg(Xc)



(4)




where X is the demand for green space, Xa is the gap between carbon emissions and carbon storage (104 t), Xb is the population density (1000 people per square kilometer), and Xc represents the GDP per capita (100 million dollars).



The results (Table 4 and Figure 11) show that the Panyu and Tianhe Districts exhibited the top demand priority for green space construction. In this sense, the supply of green spaces must be planned to prioritize these two districts. Therefore, it is necessary to increase small green spaces as much as possible to relieve the pressure on green spaces and meet the basic requirements of residents via policymakers.




4.4. Implementation Difficulty


The data obtained from the local government suggests that the reduction in urban green spaces in Panyu and Tianhe can be partly attributed to the rapid appreciation of land value. In the study area, the residential and commercial land use yields greater financial rewards for the government, who are the landowners, compared to urban green spaces. Consequently, the government tends to allocate green spaces for residential and commercial purposes. Another significant factor is the densification of existing developed areas. Consequently, our findings recommend focusing on enhancing land use practices and creating open spaces with high utilization rates. Additionally, exploring opportunities to increase green spaces, such as green roofs or repurposing transportation structures, would improve the connectivity of green spaces and enhance equity in terms of access to these spaces.





5. Conclusions


Climate change due to carbon emissions is a global issue exacerbated by modernization and urbanization. Limited land space in Guangzhou hinders urban development and necessitates research on green space demand. This study focused on carbon neutrality, as green spaces play a crucial role in absorbing emissions. Our work fills a gap in evaluating the carbon perspective of green space demand and proposes a scheme based on population and economic development.



Based on the above analysis, we addressed the following research questions: (1) During 2000–2010, CS experienced a significant decline, particularly in central urban areas, due to human-driven urban expansion. In contrast, rural regions saw an increase in carbon storage due to afforestation and the conversion of farmland into forests. (2) Carbon emissions in Guangzhou grew slowly before 2002, rapidly from 2002 to 2011, then gradually declined until 2016. Panyu, Baiyun, and Huangpu saw notable and rapid increases in emissions. (3) To quantify green space demand in different districts, factors such as CEs, storage gap, population density, and average land GDP need to be considered. In highly developed regions, population density and average GDP may fluctuate significantly. To address this, logarithmic techniques can be used in statistical analyses to reduce the impact of extreme fluctuations and capture the overall distribution trend for further analysis. Our main conclusions are as follows: (1) A demand priority evaluation framework for green space that, considering carbon neutrality, should be developed to assess spatial disparities between supply and demand. (2) Insufficient supply was observed in the central area, characterized by high land value in the city. This study’s main contribution is developing a demand priority evaluation of green space from the perspective of carbon neutrality by using Guangzhou as an example. However, limited financial resources in developing cities necessitate prioritizing green space demands. Future research should gather data from different time points to improve the accuracy and investigate the decline and degradation of green spaces from various ecosystem service perspectives, enhancing our understanding of effective green space conservation in rapidly urbanizing developing cities.
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Figure 1. Location map of Guangzhou (Data source: Chinese Academy of Sciences’ Data Center for Resources and Environmental Sciences). 
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Figure 2. Guangzhou land use for the year 2020 (data source: Chinese Academy of Sciences’ Data Center for Resources and Environmental Sciences). 
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Figure 3. InVEST model flowchart (Source: authors). 
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Figure 4. Land type change in Guangzhou from 2000 to 2020 (Source: authors). 
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Figure 5. Change and dynamic attitude of land type area in Guangzhou from 2000 to 2020 (km2) (data source: Chinese Academy of Sciences’ Data Center for Resources and Environmental Sciences). 
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Figure 6. (a) CS map in the year 2000; (b) CS map in the year 2010; (c) CS map in the year 2020. Data source: Chinese Academy of Sciences’ Data Center for Resources and Environmental Sciences. 
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Figure 7. (a) CS change from 2000; (b) CS change from 2020. Data source: Chinese Academy of Sciences’ Data Center for Resources and Environmental Sciences. 
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Figure 8. CEs in Guangzhou. Data source: Guangzhou Statistical Yearbook. 






Figure 8. CEs in Guangzhou. Data source: Guangzhou Statistical Yearbook.



[image: Sustainability 15 11199 g008]







[image: Sustainability 15 11199 g009 550] 





Figure 9. Prediction of CS in 2030 in Guangzhou. Data source: Chinese Academy of Sciences’ Data Center for Resources and Environmental Sciences. 
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Figure 10. Prediction of CEs in 2030 in Guangzhou. Data source: Guangzhou Statistical Yearbook. 
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Figure 11. Priority demand evaluation in different districts in Guangzhou. Data source: Chinese Academy of Science’s Data Center for Resources and Environmental Sciences, Guangzhou Yearbook. 
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Table 1. The carbon emission factor of energy consumption and unit price in Guangzhou, China.
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	Water
	Electricity
	Fuel





	Carbon emission factor
	0.91 kg/t [35]
	0.5810 t CO2/MWH [35]
	2.31 kg/L [35]



	Unit price
	(a) 13.86 dollars/m3/month (under 26 m3/month)

(b) 20.79 dollars/m3/month (27–34 m3/month)

(c) 27.72 dollars/m3/month (above 34 m3/month)
	(a) 4.76 dollars/MWH/month (under 260 MWH/month)

(b) 5.11 dollars/MWH/month (261–600 MWH/month)

(c) 6.86 dollars/MWH/month (above 601 MWH/month)
	92 gasoline is 61.6 dollars/L
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Table 2. Land type area and proportion in Guangzhou from 2000 to 2020 (km2) (data Source: Chinese Academy of Sciences’ Data Center).
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Land Types

	
2000

	
2010

	
2020




	
Area

	
Proportion

	
Area

	
Proportion

	
Area

	
Proportion






	
cultivated land

	
2588.12

	
35.89%

	
2114.50

	
29.33%

	
2077.91

	
28.82%




	
woods

	
3126.85

	
43.37%

	
3053.21

	
42.34%

	
3040.03

	
42.16%




	
grassland

	
109.07

	
1.51%

	
103.56

	
1.44%

	
96.98

	
1.34%




	
water area

	
579.23

	
8.03%

	
559.94

	
7.77%

	
522.67

	
7.25%




	
construction land

	
805.00

	
11.16%

	
1377.06

	
19.10%

	
1470.67

	
20.40%




	
unused land

	
2.08

	
0.03%

	
2.08

	
0.03%

	
2.09

	
0.03%
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Table 3. Carbon density table of land type in Guangzhou (t/km2). Data source: resource and environmental science and data center.
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	Land Types
	Aboveground Carbon Density
	Subsurface Carbon Density of Vegetation
	Soil Carbon Density
	Carbon Density of Dead Organic Matter





	cultivated land
	1350
	270
	1734
	100



	woods
	5830
	1458
	1973
	350



	grassland
	301
	1353
	1600
	100



	water area
	21
	0
	0
	0



	construction land
	120
	93
	1248
	0



	unused land
	210
	0
	1136
	0
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Table 4. Demand priority of green spaces in different districts in Guangzhou.
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	Yuexiu
	Tianhe
	Nansha
	Liwan
	Huangpu
	Huadu
	Haizhu
	Panyu
	Conghua
	Baiyun
	Zengcheng





	Xc (100 million dollars)
	6.60
	6.14
	6.18
	2.12
	7.76
	1.86
	2.85
	2.07
	0.96
	1.28
	2.07



	Xb (1000 people/km2)
	30.64
	23.34
	1.08
	19.74
	2.52
	1.72
	20.13
	5.12
	0.37
	4.68
	0.83



	Xa (104 t)
	132.99
	532.54
	672.21
	137.55
	818.63
	1172.80
	350.97
	2050.12
	−538.73
	1510.57
	676.76
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