

  land-11-01673




land-11-01673







Land 2022, 11(10), 1673; doi:10.3390/land11101673




Article



Multi-Scenario Simulation of Land Use Carbon Emissions from Energy Consumption in Shenzhen, China



Wenwen Tang 1,2, Lihan Cui 2, Sheng Zheng 1,2,*[image: Orcid] and Wei Hu 3,*





1



Key Laboratory of Urban Land Resources Monitoring and Simulation, Ministry of Natural Resources, Shenzhen 518034, China






2



Department of Land Management, Zhejiang University, Hangzhou 310058, China






3



Shenzhen Urban Planning & Land Resource Research Center, Shenzhen 518040, China









*



Correspondence: shengzheng@zju.edu.cn (S.Z.); have211@163.com (W.H.)







Academic Editor: Nir Krakauer



Received: 23 August 2022 / Accepted: 23 September 2022 / Published: 28 September 2022



Abstract

:

Investigating the future land use patterns and carbon emissions are of great significance for carbon reduction. This study established the relationship between land use types and carbon emissions from energy consumption and adopted three future scenarios that combine shared socioeconomic pathways (SSPs) and representative concentration pathways (RCPs), the system dynamics (SD) model, and the patch-generating land use simulation (PLUS) model to simulate land use patterns in 2030 and 2035. Then the spatial distribution of future carbon density and its change in Shenzhen were obtained. Under scenario SSP245, a large amount of industrial and mining land is converted into living land from 2020 to 2035, and new living land is mainly located in Bao’an District and Guangming District. Under scenario SSP370, a large amount of living land replaces other land due to a plentiful population from 2020 to 2035, which is rare under other scenarios. The expansions of areas with high carbon density during 2020–2030 are mainly distributed in Nanshan District and Longhua District under all three scenarios. During 2030–2035, carbon emissions will decrease under scenarios SSP126 and SSP245. The results confirmed various trends in carbon emissions under different scenarios and emphasized the association between land use types and carbon emissions.
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1. Introduction


Land use patterns on Earth are closely related to anthropogenic exploitation and natural processes. The carrier of human activities and terrestrial ecosystem cycles is land, and frequent changes in land use have an impact on carbon emissions [1,2]. Carbon emissions from fossil energy combustion are mainly accounted for anthropogenic activities and these activities are always based on built-up land [3], including urban residential land, traffic land, and industrial land. Thus, carbon emissions vary considerably depending on the type of land use [4], and the expansion of land associated with a high carbon emission density might lead to increases in total carbon emissions. A rational land use pattern is conducive to low-carbon development and the achievement of China’s pledged goal of carbon peak and carbon neutrality at the General Debate of the 75th Session of the United Nations General Assembly [5]. In addition, the 2035 Vision targets propose that China will complete basic socialist modernization in 2035, with a steady decline in carbon emissions after reaching a peak [6]. To achieve these goals, accurate projections of the trends in land use carbon emissions in 2030 and 2035 are necessary to support the formation of future land-use regulation policy.



Scholars have made some attempts to account for land use carbon emissions. Zhao and Huang [7] matched the land use types with carbon emission items to explore the carbon emissions from energy consumption of different land use types in Jiangsu Province. Zhao et al. [8] discussed the carbon emission intensity of different industrial spaces in China and found that living and industrial-commercial space, as well as transportation industrial space, were industrial spaces with high carbon emissions. Wu et al. [9] established the relationship between different types of land and carbon emissions in Zhejiang Province and concluded that carbon emissions were driven by the inelastic demands of energy-intensive land. Due to technological innovation, some cities, such as Shenzhen, have achieved widespread adoption of electric vehicles [10,11], which has a certain impact on the carbon emissions of road transportation [12]. As a result, the previous conclusions about land use carbon emissions should be challenged and updated. Previous research [7,8,9] adopted the term “carbon intensity” to represent carbon emissions per unit of land area, while “carbon intensity” is more frequently used to refer to “carbon emissions per unit of gross domestic product (GDP)” [13,14,15,16,17]. To avoid any ambiguities, energy-related CO2 emissions per unit of land area in this study is represented by “carbon density” instead of “carbon intensity”.



Simulation and prediction of future situations require setting various scenario assumptions and analyzing potential changes under different paths. Existing studies generally designed a baseline scenario and several comparison scenarios by controlling for change rates of parameters [18,19,20]. However, these specific indicators and scenario designs depend on the researchers’ subjective judgments about the future. In addition, climate change has an impact on land use that cannot be ignored [21,22], which was less often considered in land use scenario design. O’Neill et al. [23] proposed five shared economic pathways (SSPs) from two dimensions of socioeconomic challenges faced by humans in mitigating and adapting to climate change, respectively. Domestic scholars have applied SSPs to predict precipitation [24,25], temperature [25,26], population [27], urban land expansion [28], land use dynamics [29], and land use demand [30]. Shared socioeconomic pathways (SSPs) were combined with representative concentration pathways (RCPs) in Phase 6 of the Coupled Model Intercomparison Project (CMIP6) to define more reasonable future scenarios under the background of global climate change [31,32,33]. SSP-RCP scenarios have been adopted by an increasing number of scholars to simulate land use changes in the future. Dong et al. [34] designed eight scenarios with various combinations of SSPs and RCPs to predict future land use demand and discovered that the future land patterns varied greatly depending on the scenario. Wang et al. [35] simulated future land use/cover change (LUCC) in Bortala using projected socioeconomic and climate data from existing studies under three SSP-RCP scenarios. They analyzed the distribution of different land use types, including cultivated land, pasture areas, grassland, and construction land, without discussing the situation of various construction land. SSP-RCP scenarios are adopted in this study to incorporate climate change into land use patterns simulations in Shenzhen, and construction land is split into various categories, further filling the gap in existing studies.



In the field of simulating the spatial distribution of different types of land, studies have been conducted to develop simulation models with increasing accuracy. The cellular automata (CA) model is a dynamic model that focuses on spatiotemporal interactions and underlying rules, which is well suited to simulating intricate geographic evolution processes [36]. Many simulation models based on CA models have been widely used in land use studies, including Logistic-CA [37,38], CA-Markov [39,40], ANN-CA [41], and FLUS model [28,34,42]. These models, which can produce valuable results, are either based on the transition analysis strategy (TAS) or based on the pattern analysis strategy (PAS). However, they can neither adequately disclose the driving factors of land use types transitions and their contributions to land change [43], nor can they simulate multiple land use types at the patch level with spatiotemporal dynamics [35]. An improved patch-generating land use simulation (PLUS) model combines the advantages of TAS and PAS but overcomes their weaknesses through a random forest classification (RFC) algorithm [36,44], while satisfying the requirement for patch-level simulation of multiple land use types based on random seed growth mechanisms [20], which increases accuracy. Although some scholars have adopted the PLUS model in their studies and obtained high simulation accuracy [20,30,36,44,45], the PLUS model has not yet been applied as a new method to simulate multiple types of land use changes in Shenzhen, a developed city with complex land use patterns [46].



Land use changes in Shenzhen, Guangdong Province, have intensified [47] and become more diverse due to location and regional industrial development [48]. This study took Shenzhen City as the study area and firstly constructed the relationship between land use types and carbon density, i.e., energy-related CO2 emissions per unit of land area, and predicted land use demand under three SSP-RCP scenarios based on a system dynamic (SD) model. The land use patterns in 2030 and 2035 were simulated using the PLUS model. The distribution of future land use carbon density in Shenzhen was obtained, and its spatial variations were analyzed to put forward some valuable policy recommendations. The purposes of this study were to (1) predict land use demand precisely using the SD model and SSP-RCP scenarios, taking into account future climate change; (2) obtain more accurate future land use patterns using the PLUS model; and (3) associate land use types with carbon emissions and analyze carbon density change in the future. The greatest novelty of this study is the fact that climate change is included in the land use patterns simulations, with construction land split into different types such as industrial and mining land, traffic land, etc., and their possible future distributions are discussed separately, providing a new perspective to simulate future land use patterns.




2. Materials and Methods


In this study, the relationship between land use types and carbon emissions was constructed. Meanwhile, land use demand under future scenarios was predicted using SSP-RCP scenarios and the SD model. Then, land use data in 2015 and 2020 and various driving factors were adopted to validate the PLUS model, followed by the simulation of land use patterns in 2030 and 2035 with the constraint of predicted future land use demand. Finally, spatiotemporal variations of land use carbon density in Shenzhen were discussed incorporating the relationship between land use types and carbon emissions and simulated results of future land use patterns. In summary, the technical flowchart of this study is shown in Figure 1.



2.1. Study Area and Data Sources


Shenzhen is located on the eastern bank of Pearl River Estuary in the southern coastal area of Guangdong Province. As shown in Figure 2, Shenzhen ranges geographically between 113°43′ E–114°38′ E and 22°24′ N–22°52′ N, occupying an area of 1986 km2 in 2020. It is a megacity with a total population of 17.63 million in 2020 and a population density of 8879 person/km2, which explains its scarcity of land resources. It is composed of 9 administrative districts, including Bao’an District, Guangming District, Nanshan District, Futian District, Luohu District, Longhua District, Yantian District, Pingshan District, and Longgang District.



Energy consumption data and its composition were referred to Shenzhen Statistical Yearbook (2015–2020) and Shenzhen 13th Five-Year Plan for Energy Development (2015–2020). The SD model required figures of GDP, population, annual average temperature, annual average precipitation, investment in fixed assets, and growth rate of investment in fixed assets of each national economic industry. These figures were obtained from Shenzhen Statistical Yearbook (2015–2020). Data required in the PLUS model should be in raster form, different from data adopted in the SD model. Population data were extracted from Population Count datasets of WorldPop (https://hub.worldpop.org, accessed on 17 March 2022). Land use data of Shenzhen from 2015 to 2020 was obtained from the Land Use Change Survey data of the Shenzhen Municipal Bureau of Planning and Natural Resources. The five land categories of industrial and mining land, traffic land, living land, agricultural land and water area, and other land were obtained through land category consolidation and then rasterized to 30 m resolution. GDP, temperature, and precipitation were obtained from the Data Center for Resources and Environmental Sciences of the Chinese Academy of Sciences [49,50]. Nighttime light data were extracted from the VIIRS_DNB_VNL V2 datasets of the Earth Observation Group (EOG) [51]. Digital elevation model (DEM) data were obtained from NASADEM_HGT V001 datasets [52], from which slope and degree of relief were calculated. Vector data such as cities, towns, waters, rivers, railways, motorways, and other roads from OpenStreetMap (https://www.openstreetmap.org, accessed on 18 February 2022) were adopted and processed into raster data by Euclidean distance analysis. Data for all driving factors used are from 2015.




2.2. Energy-Related Land Use Carbon Density


As a carrier of various natural processes and human activities, different uses inevitably affect the carbon density on the land [4]. This study adopted the method of Zhao and Huang [7] and divided different land use types into five categories (Table 1): industrial and mining land, traffic land, living land, agricultural land and water area, and other land. To assign carbon emissions to each type of land, energy consumption of several sectors was merged. Carbon emissions on industrial land and mining land stem from the energy consumption of industry. Energy consumptions of transportation, storage, postal and telecommunication services contribute to traffic land use carbon emissions. Living land in this study carries human activities such as eating, trading, entertaining, receiving medical treatment, and schooling. Therefore, living land use carbon emissions derive from energy consumption of residential lifestyles, wholesale and retail trade and catering, construction, and services others. Carbon emissions on agricultural land and water area derive from energy consumption of farming, forestry, animal husbandry, and fishery. Other land includes special designated land and unused land. Some scholars assigned energy consumption of “other industries” to other land [8,53] or neglected directly [3]. However, there is only an energy consumption item called “services others” which represents other service industries in the tertiary sector in Shenzhen Statistical Yearbook, and its figures are not negligible. Therefore, this study allocated the energy consumption of services others to living land, similar to the approach taken by Wu et al. [9]. As a matter of course, it was assumed that human activities that generate carbon emissions do not take place on other land. Energy-related carbon emissions were calculated based on the IPCC method [54]:


  C  E k  =  ∑  S C ×  E i  ×  α i  × 44 / 12  



(1)




where   C  E k    (    10  4    tons) refers to the energy-related CO2 emissions of each land use type,  k  = 1, 2, 3, 4, 5;   S C   represents the consumption of standard coal;    E i    depicts the proportion of energy consumption of  i th fossil fuel energy; and    α i    means the emission factor of the  i th fossil fuel energy. The fossil fuel energy in this study is consists of coal, oil and natural gas. The emission factors are taken from the research results of the Energy Research Institute of the National Development and Reform Commission, where the carbon emission factors for coal, oil, and natural gas are 0.7476 t/tce, 0.5825 t/tce, and 0.4435 t/tce, respectively.



Energy-related land use carbon density can be represented by CO2 emissions per unit of land area and obtained by the following formula:


  C  I k  =   C  E k     S k     



(2)




where   C  I k    (t/ha) refers to the energy-related carbon density of land use type  k , and    S k    (m2) represents the total area of land use type  k . The carbon density on each type of land use in 2030 and 2035 were set using the mean value of carbon density on each land use type during 2015–2020.




2.3. Land Use Demand Prediction Using Future Scenarios and System Dynamics Model


The Scenario Model Intercomparison Project (ScenarioMIP) is the major project of CMIP6, consisting of eight future pathways. These eight pathways are divided into two tiers, and tier 1 contains a wide range of uncertainties in future forcing pathways and key scenarios, including SSP126, SSP245, SSP370, and SSP585 [55]. SSP126 incorporates SSP1 and RCP2.6, representing a sustainable socioeconomic development pathway with a low radiation forcing which peaks at 2.6 W/m2 by 2100. SSP245 is the combination of SSP2 and RCP4.5, which represents a moderate socioeconomic development path that continues historical patterns with medium-low radiation forcing which peaks at 4.5 W/m2 by 2100. SSP370 combines the SSP3 with RCP7.0, representing a medium-high socioeconomic development path with radiation forcing which peaks at 7.0 W/m2 by 2100. SSP585 represents a highly energy-intensive scenario and the number of its emissions is high enough to bring the radiation forcing to 8.5 W/m2 by 2100 [35,56,57]. Both SSP126 and SSP 585 are positive human development pathways, and the difference is that SSP126 is a sustainable practice, while SSP585 has an energy-intensive economy [55]. However, Shenzhen has achieved a strong decoupling of economic growth and carbon emissions [58,59], which means economic growth in Shenzhen no longer comes at the cost of increased carbon emissions [60]. Thus, the scenario with the most rapid economic development based on high energy consumption is not in line with the reality in Shenzhen and is not considered in this study. Future scenarios were decided by four parameters: population, GDP, annual average temperature, and precipitation. The future data for Shenzhen was extracted from existing predicted data and change rates were calculated to obtain the values of parameters after 2020. The values of socioeconomic factors were calculated using future predicted grid data of population [27] and GDP [61] under SSPs scenarios. The future climate data were obtained based on the model output of the medium-resolution Beijing Climate Center Climate System Model version 2 (BCC-CSM2-MR) [62].



The system dynamics (SD) model is an effective tool to allow the evolution of a complex system to be predicted through the feedback and interactions among various elements [63]. This study assumed that land use demand can be only determined by GDP, population and climate change (temperature and precipitation) in the SD model. GDP is linked with investment in fixed assets. Investment in each type of land is the investment in corresponding national economic sectors carried on it. Population increases can contribute to the expansion of living land and traffic land due to greater demand for houses and roads. More population can also bring increasing demand for agricultural products and livestock products, but Shenzhen is a food inflow city, so this effect is negligible. Climate change mainly affects agricultural land and water area through temperature and precipitation. Based on the socioeconomic data, climate data, and land data from 2015 to 2020, the SD model of land use demand in Figure 3 was constructed, and the quantitative relationships between variables were analyzed and finally determined through several experiments. The future land use demand under each SSP-RCP scenario was simulated according to this SD model.




2.4. Patch-Generating Land Use Simulation (PLUS) Model


The PLUS model derives from the CA model and integrates the dynamics of geographical cells with the impacts of various factors over space to enhance prediction ability [36]. It involves two main modules, i.e., a rule mining module based on a land expansion analysis strategy (LEAS) and a CA module based on multi-type random seeds (CARS). The LEAS excavates the impacts of various driving factors on land expansion using the random forest classification algorithm and derives the spatial distribution of development potential for each type of land. The LEAS calls for the input of land data for two dates and then extracts cells with a change in state from the later dated land data. To procure transition rules, the training dataset is used to train the data mining algorithm [43]. The CARS includes a patch-generation mechanism and simulates local land competition to adjust the amount of land to meet future demands through development potential, self-adaptive coefficient, and neighborhood effect [35]. The development potential derives from the result of the LEAS module. The self-adaptive coefficient of cells is determined by the gap between the number of existing cells in their own types and their future demands, and the neighborhood effect of a land use cell is influenced by the proportion of cells in its type and the priori diffusion coefficient [36].



Land use data for 2015 and 2020 was input to the LEAS module, and waters were extracted as the conversion constraint area. The neighborhood weight represents the expansion ability of each land-use type [30]. In this study, the neighborhood weight of each type of land use shown in Table A1 was determined by calculating the proportion of the expansion areas of a land-use type to the total land expansion based on the land expansion map (the map outputted in the LEAS module). A total of 14 driving factors of the land use change were selected and listed in Table A2, including population, GDP, the distance from town, the distance from highway, the distance from railway, the distance from other roads, nighttime light index, annual mean temperature, annual precipitation, DEM, slope, degree of relief, the distance from waters, and the distance from waterways. Taking land use data in 2015 as the initial land use pattern and applying the PLUS model, the simulation results of the land use pattern in 2020 were finally obtained. Comparing the simulated land use pattern and the actual land use pattern in 2020, the simulation accuracy can be evaluated by the Figure of Merit (FoM) metric, the kappa coefficient, and the overall accuracy. The FoM can reflect consistency at the unit level and similarity at the pattern level, with a value mostly falling between 0 and 0.3 [44]. The kappa coefficient proposed by Cohen [64] is commonly used to verify the consistency between two data images [45] and has values ranging from −1 to 1, with higher values representing better consistency [20]. The predicted land use demand in 2030 and 2035 under future scenarios were input into the CARS module of the validated PLUS model to simulate future land use patterns.





3. Results and Discussion


3.1. Energy-Related Land Use Carbon Density


According to the relationship between land use types and carbon emission items defined above, energy-related carbon density on each type of land in Shenzhen during 2015–2020 is displayed in Table 2. The total energy-related land use carbon emissions in Shenzhen increased from 40.63 million tons in 2015 to 46.00 million tons in 2020, while carbon density increased from 203.45 t/ha in 2015 to 231.60 t/ha in 2020. Ke et al. [65] calculated total carbon emissions in Shenzhen and found that the amount of carbon emissions in 2015 is 13.68 MtC (million metric tons of carbon), which is close to the result of 11.08 MtC (12/44 of 40.64 million tons of CO2) in 2015 in this study. The mean carbon density is in the following order from highest to lowest: industrial and mining land > living land > traffic land > agricultural land and water area. Industrial and mining land use carbon density kept decreasing until 2019, while the carbon density on traffic land changed oppositely. Shenzhen actively promoted the transformation of inefficient industrial land into emerging industry in recent years [48], which improved the intensive use of industrial land but concentrated industrial activities on fewer amounts of land, resulting in a higher carbon density of industrial and mining land. The intensive industrial land use had been proved to be conducive to carbon reduction [66], and efficient utilization of energy through improved technology will be an effective way to control carbon density in the future. The carbon density on traffic land began to decrease in 2019, which can be attributed to the widespread adoption of electric buses [10,11,12]. If electric private cars also become common in the future, the carbon reduction situation will be more optimistic. Living land is home to a large population, which explains its high carbon density between 436.02 t/ha and 551.41 t/ha. Carbon density on agricultural land and water area fluctuated between 0.90 t/ha and 1.70 t/ha, much less than carbon density on other types of land.




3.2. Predicted Land Use Demand under Multiple Scenarios


The simulated values of various land use types in 2020 and their actual values were compared to test the simulation accuracy of the SD model. According to the results shown in Table 3, relative errors are all less than 5%, indicating that the SD model constructed can be considered to have a high simulation accuracy [35]. Using this SD model, future demand for each type of land use under three SSP-RCP scenarios were predicted and displayed in Figure 3. The trajectories of demand in Figure 4 indicates that different types of land have distinct changes, and these changes vary considerably under different SSP-RCP scenarios. The demand for industrial and mining land decreases under all scenarios. In contrast, the demand for living land keeps growing under all three scenarios, with a maximum growth rate of 13.3% under scenario SSP370. The demand for traffic land increases under all scenarios before 2030, then this demand increases only marginally during 2030–2035, and even turns to drop under scenario SSP126. Due to volatile climate, the demand for agricultural land and water area varies greatly at different times and, of course, under different scenarios. The scenario SSP370 has the most dramatic decline in the demand for agricultural land and water area. Under scenario SSP126, a sustainable socioeconomic development scenario, changes in the demand for agricultural land and water area are relatively stable. As the total amount of land in Shenzhen is considered to be unchanged, the land outside the area of the four land types mentioned above is counted as other land. The area of other land (unused land and special designated land) is largest under scenario SSP126 and smallest under scenario SSP370.




3.3. Simulated Land Use Patterns under Multiple Scenarios


The results of the PLUS model validation show a kappa coefficient of 0.69, an overall accuracy of 0.79, and a FoM of 0.09, indicating that simulation results have substantial consistency with the actual land use patterns [30,44]. Therefore, the PLUS model can accurately reflect historical variations in the land use pattern and simulate future changes in Shenzhen. The future land use patterns under SSP-RCP scenarios generated by the CARS module of the PLUS model were shown in Figure 5. Compared to other scenarios, the conversion of industrial and mining land to living land during 2020–2035 is the largest under scenario SSP245, followed by the scenario SSP126. Most of the new living lands are located in Bao’an District and Guangming District. As new special economic zones with convertible land still available, the industrial-dominated high-tech industrial zones in Bao’an Districts and Guangming District have gradually evolved into comprehensive urban areas, which can attract residents to settle down and drive the emergence of new living land in these areas [67]. A considerable amount of living land expands at the expense of other land during 2020–2035, especially under scenario 370, but this phenomenon is rare under scenarios SSP126 and SSP245. The total population is highest under scenario SSP370, which drives other land to convert into living land. Most of the emerging traffic land during 2020–2035 originates from industrial and mining land and agricultural land and water area and is distributed along the original traffic land.




3.4. Spatiotemporal Variation of Land Use Carbon Density in 2015, 2020, 2030, and 2035


Using the relationship between land use types and carbon density constructed above (Table 2) and future land use patterns (Figure 4), the total carbon emissions and spatial distribution of future land use carbon density in Shenzhen can be obtained. The results of total carbon emissions illustrated the different trends under three SSP-RCP scenarios. The total amount of carbon emissions in 2020 was 46.00 million tons, an increase of 13.2% compared to that in 2015. Under scenarios SSP126, SSP245, and SSP370, total carbon emissions continuously grow after 2020. The amount of carbon emissions in 2030 under SSP370 is the largest, reaching 46.26 million tons, and it still increases to 46.56 million tons in 2035. However, the amount of carbon emissions in 2035 under SSP126 and SSP245 shows a decline compared to 2030, and this decline is more pronounced under SSP126. The total carbon emissions in 2035 under scenarios SSP126 and SSP245 is 45.79 million tons and 45.93 million tons respectively. Compared to the emissions in 2030, Shenzhen’s total land use carbon emissions in 2035 will only decrease under scenarios SSP126 and SSP245, indicating that the achievement of carbon peak is possible under these two scenarios.



Figure 6 depicts the spatial distribution of land use carbon density in 2015, 2020, 2030, and 2035 under multiple scenarios. High carbon density areas are mostly distributed in the northern regions of Shenzhen, including Bao’an District, Guangming District, Longhua District, Longgang District, and Pingshan District. Compared with 2015, there was a significant decline in the amount of high carbon density areas in Longhua District and Nanshan District in 2020. To more specifically analyze future changes in land use carbon density, the changes in carbon density in 2030 compared to carbon density in 2020 and the changes in carbon density in 2035 compared to carbon density in 2030 are spatially distributed as shown in Figure 7. Under scenarios SSP126 and SSP245, the expansions of high carbon density areas in 2030 are mainly distributed in Longhua District, Nanshan District, Futian District, and Luohu District. However, these extended areas return to low carbon density areas in 2035, and this change is more obvious under scenario SSP126. Compared with the changes under the previous two scenarios, the emerging high carbon density areas in 2030 under scenario SSP370 are concentrated in Longhua District, Yantian District, Nanshan District, and Longgang District. The scenario SSP370 still shows a few concentrated expansions of high carbon density areas in 2035, mainly in Bao’an District and Longgang District. High carbon density areas in Nanshan District and Longhua District exhibit a significant expansion under all three scenarios SSP126, SSP245, and SSP370. Both districts are located in the western part of Shenzhen, with rapid urban development and high population density [68], which can stimulate the growth of carbon emissions [69,70].




3.5. Uncertainties


While predictions can provide valid information for Shenzhen, there exist some uncertainties as well. The carbon emissions on one land use type are assumed to be homogeneous due to limited statistics, which is not the case in reality. For example, both residential land and public service sites are classified as living land, but these two types of land might not have the same carbon density, let alone the difference in energy consumption between light and heavy industry. Moreover, carbon density on each land use type is assumed to be a constant after 2020, which limits the results of this study for that carbon density changed obviously during 2015–2020. In the future, the prediction of energy consumption under different scenarios can be a topic of interest. In addition, the scale of the traffic land data is too fine, which might result in a simulation inaccuracy of traffic land in the PLUS model. In practice, changes in traffic land often arise from organized transport planning and are mostly in the form of a whole road, which cannot be predicted accurately through several socioeconomic and natural influencing factors. Last but not least, the scale effect can be further investigated. When choosing data in this paper, data at a finer resolution was preferred, and several simulations of land use patterns in 2020 were performed using data from different sources and validated by the kappa coefficient to generate a comparison, through which the best series of data sources that would lead to higher accuracy were identified. However, the future data under SSP-RCP scenarios adopted in the SD model were extracted from global scale raster datasets and might not be sufficiently accurate at the city level, which is inevitable in the absence of data. More studies on SSP-RCP scenarios for China, and even for specific provinces and cities, are expected in the future to provide the basis for various investigations of the future human living environment under the background of climate change.





4. Conclusions


This study constructed the relationship between land use types and carbon emissions from energy consumption, then integrated it with the SD model and the PLUS model to simulate future land use patterns, carbon emissions, and the variations of carbon density in Shenzhen under multiple SSP-RCP scenarios. Predicted land use patterns vary greatly under different SSP-RCP scenarios. More living land replaces industrial and mining land under scenarios SSP245 than under other scenarios, and these new living lands are mainly located in Bao’an District and Guangming District. Under scenario SSP370, the large amount of population drives other land to convert into living land, which is very rare under scenarios SSP126 and SSP245. Regarding total carbon emissions from 2030 to 2035, there is a decline under scenarios SSP126 and SSP245, so carbon peaking is expected to be achieved under these two scenarios. Under three SSP-RCP scenarios, expansions of areas with high carbon density are mainly located in Nanshan District and Longhua District due to rapid urban development and high population density. The simulation model applied in this study is advanced and has been validated to be accurate, confirming various trends in land use patterns and carbon emissions under different future scenarios. The results can provide a scientific basis for future urban planning and land expansion in Shenzhen, which is closely related to its carbon emissions and will be conducive to the achievement of carbon peak and carbon neutrality. Shenzhen should pay attention to the environmental impacts when promoting urban development in Nanshan District and Longhua District. In addition, considering the demand for more living land as Shenzhen continues to increase the supply of housing, the rise in carbon density on living land should be curbed as soon as possible through technological progress and the promotion of clean energy [16,71]. In the future, planning factors will be considered in the land use simulation using the PLUS model, machine learning can be adopted in further studies to predict future land use demand more precisely, and the input-output model can be employed to analyze the relationship between land use types and consumption-based carbon emissions rather than production-based carbon emissions.
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Table A1. Neighborhood weight of each type of land use.






Table A1. Neighborhood weight of each type of land use.





	Land Use Types
	Industrial and Mining Land
	Traffic Land
	Living Land
	Agricultural Land and Water Area
	Other Land





	Neighborhood weight
	0.0712
	0.2006
	0.4469
	0.2596
	0.0217
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Table A2. The spatial driving factors of the land use change.






Table A2. The spatial driving factors of the land use change.





	
Category

	
Data

	
Spatial Resolution

	
Data Sources






	
Socioeconomic driving factors

	
Population

	
100 m

	
WorldPop

(https://hub.worldpop.org/, accessed on 17 March 2022)




	
GDP

	
1000 m

	
Resource and Environment Science and Data Center (RESDC)

(https://www.resdc.cn/, accessed on 16 March 2022)




	
The distance from town

	
30 m

	
OpenStreetMap

(https://www.openstreetmap.org/, accessed on 18 February 2022)




	
The distance from highway




	
The distance from railway




	
The distance from other roads




	
Nighttime light data

	
1000 m

	
VIIRS_DNB_VNL V2

(https://eogdata.mines.edu, accessed on 25 February 2022)




	
Climatic and environmental driving factors

	
Annual mean temperature

	
500 m

	
Resource and Environment Science and Data Center (RESDC)

(https://www.resdc.cn/, accessed on 16 March 2022)




	
Annual precipitation




	
DEM

	
30 m

	
NASADEM_HGT V001

(https://www.earthdata.nasa.gov/esds/competitive-programs/measures/nasadem, accessed on 18 February 2022)




	
Slope




	
Degree of relief




	
The distance from waters

	
30 m

	
OpenStreetMap

(https://www.openstreetmap.org/, accessed on 18 February 2022)




	
The distance from waterway
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Figure 1. Technical flowchart. 
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Figure 2. (a) Location of Shenzhen in China; (b) the administrative districts in Shenzhen. 
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Figure 3. The system dynamics (SD) model of land use demand in Shenzhen. 
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Figure 4. Trajectories of demand for each land use type from 2020 to 2035 under SSP-RCP scenarios: (a) future demand for industrial and mining land; (b) future demand for traffic land; (c) future demand for living land; (d) future demand for agricultural land and water area; (e) future demand for other land. Note: SSP is the abbreviation for shared socioeconomic pathways and RCP is the abbreviation for representative concentration pathways. 
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Figure 5. Future land use patterns under SSP-RCP scenarios in Shenzhen. 
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Figure 6. The distribution of land use carbon density under SSP-RCP scenarios in Shenzhen. 
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Figure 7. Carbon density change for 2020–2030 and 2030–2035 under SSP-RCP scenarios. Note: The left column represents the carbon intensity change from 2020 to 2030 under SSP-RCP scenarios and the right column represents the carbon intensity change from 2030 to 2035 under SSP-RCP scenarios. 
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Table 1. Relationship between land use types and energy-related carbon emission items.
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	Land Use Types
	Specific Types
	Energy Consumption/Carbon Emission Items





	Industrial and mining land
	Industrial land

Mining sites
	Industry



	Traffic land
	Transportation land

Warehousing land
	Transportation, storage, postal, and telecommunication services



	Living land
	Urban residential land

Rural residential land

Commercial land

Public administration and public service sites
	Residential consumption

Construction

Wholesale and retail trade and catering

Services others



	Agricultural land and water area
	Cropland

Garden area

Woodland

Grassland

Water and Water Facilities Land
	Farming, forestry, animal husbandry, and fishery



	Other land
	Special designated land

Unused land
	None
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Table 2. Carbon density (t/ha) on different types of land during 2015–2020.
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	Land Use Types
	2015
	2016
	2017
	2018
	2019
	2020
	Mean Value





	Industrial and mining land
	610.58
	591.77
	587.52
	558.93
	779.91
	720.68
	641.56



	Traffic land
	294.76
	321.45
	345.18
	372.65
	363.08
	312.09
	334.87



	Living land
	470.24
	488.83
	517.97
	551.41
	436.02
	462.15
	487.77



	Agricultural land and water area
	1.13
	1.67
	0.90
	1.36
	1.70
	1.19
	1.33



	All lands
	203.45
	217.46
	226.82
	234.08
	243.48
	231.60
	226.15
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Table 3. The accuracy test of system dynamics (SD) model simulation results.






Table 3. The accuracy test of system dynamics (SD) model simulation results.





	Land Use Types
	Simulated Value in 2020 (ha)
	Actual Value in 2020 (ha)
	Relative Error (%)





	Industrial and mining land
	22569.4
	22508.7
	0.27%



	Traffic land
	27197.6
	27352.2
	−0.57%



	Living land
	46206.7
	45693.0
	1.12%



	Agricultural land and water area
	100437.0
	100953.9
	−0.51%



	Other land
	2187.1
	2090.6
	4.61%
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