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Abstract

:

Carbon emissions increase the risk of climate change. As one of the primary sources of carbon emissions, road traffic faces a significant challenge in terms of reducing carbon emissions. Many studies have been conducted to examine the impacts of cities on carbon emissions from the perspectives of urbanization, population size, and economics. However, a detailed understanding of the relationship between road traffic and urban carbon emissions is lacking due to the lack of a reasonable set of road traffic metrics. Furthermore, there have been fewer studies that have conducted cluster analyses of the impact factors, which will be supplemented in this research. We established 10 impact metrics, including the highway network system, city road network system, public transit system, and land use system of streets and transportation, using 117 county-level cities in Hebei Province as the study area, which is one of the regions in China with the most acute conflicts between economic development and the environment. We built an ordinary least squares (OLS) model, a spatial lag model (SLM), a spatial error model (SEM), a spatial Durbin model (SDM), and a geographically weighted regression (GWR) model, and performed a cluster analysis on the key metrics. The results are as follows: (1) The difference in spatial distribution of urban land-average carbon emissions is obvious, highly concentrated in the areas surrounding Beijing and Tianjin. (2) The GWR model has a higher R2 and a lower AICc than global models (OLS, SLM, SEM, and SDM) and performs better when analyzing the impact mechanism. (3) Highway network density, city road length, and density of the public transit network have significant effects on urban land-average carbon emissions, whereas the street and transportation land use systems have no significant effect, which indicates that the highway network and public transit systems should be prioritized. (4) The GWR model results show that the impact of the four metrics on the urban land-average carbon emissions exhibits clear spatial heterogeneity with a significant piecewise spatial distribution pattern. The highway network density has a relatively large impact on the northern region. The northwest is more affected by the density of the public transit network. The southwest is most impacted by the length of city roads. (5) The study area is divided into four distinct characteristic areas: the highway network dominant impact area, the public transit dominant impact area, the city road network dominant impact area, and the multi-factor joint impact area. Different traffic optimization strategies are proposed for different areas.






Keywords:


urban carbon emissions; road traffic; impact factors; optimization strategies; Hebei Province












1. Introduction


Global risks are increasing as temperatures rise, and strategies to limit further climate change are urgently needed [1]. The Paris Agreement proposes that all countries work together to ensure that the global average temperature rise in this century is limited to 2 °C and aims to be limited to 1.5 °C. According to the ‘Global Warming of 1.5 °C’ published by the IPCC, reaching and sustaining net zero global anthropogenic CO2 emissions and declining net non-CO2 radiative forcing would halt anthropogenic global warming on multi-decadal time scales [2]. Many countries, including the EU [3], Australia [4], Russia [4], China [5], and others, have implemented climate plans in order to achieve green agreements. Transportation is a major source of carbon emissions [6], and by far one of the most difficult industries for mitigating climate change [7]. China is the world’s largest energy consumer and carbon emitter [8]. The pace of China’s emission reductions is an important factor in the global efforts to limit global warming to 1.5 °C [8]. China aims to have its CO2 emissions peak before 2030 and achieve carbon neutrality before 2060. The key tasks that should be carried out in urban planning are studying the relationship between transportation and urban carbon emissions, identifying important transportation indicators that affect urban carbon emissions, and developing differentiated emission reduction strategies.



A lot of research has been conducted concerning the factors that affect urban carbon emissions, including population size [9], urban spatial structure [10], urbanization [11], economics, industrial structure [12], urban form [13,14], household consumption [15], residential travel [16], long-distance air travel [17], residential development [18], and transportation [19]. Transportation is a key factor in lowering carbon emissions [20,21], and improving transportation infrastructure has a significantly negative effect on the level of urban carbon emissions [22]. Road traffic accounts for 80% of all modes of transportation’s carbon emissions [8], which includes the road system and its ancillary facilities [23]. According to the different service objects, the road system can be divided into three categories: the highway system, the city road system, and the public transit system, and this paper will study it from this perspective.



At the national or provincial level, transportation indicators are typically analyzed alongside other factors as part of the urban form and spatial structure [13,14,24], and their role is primarily to improve urban connectivity and compactness [25]. At the city or community level, traffic impact factors have different indicator settings for different research purposes. In the research of the highway network system, the number of intersections per kilometer is found to be the most important factor affecting motor vehicle carbon emissions [26], and the highway network density has a significantly negative effect on urban carbon emissions [27]. In the research on the city road system, most studies consider improving city road network connectivity and increasing city road network density to be important strategies for reducing carbon travel [28,29]. However, some studies find that the city road network density has no significant effect on urban carbon emissions [27], has a negative effect before a positive effect [30], and that carbon emissions increase significantly as the road network density increases [31]. In the research of the public traffic system, most studies agree that public traffic policies will play an important role in reducing carbon emissions [32,33,34]. However, some studies suggest that a high-speed rail, buses, and subways will increase carbon emissions per capita in cities [35], while high public traffic penetration in small cities will increase carbon emissions [29]. In the research on facility land, some studies found that facility land had no effect on urban carbon emissions [27]. Overall, the current research on the impacts of road traffic on urban carbon emissions is fragmented and inconsistent, which necessitates a comprehensive and in-depth research analysis from the perspective of transportation disciplines.



In terms of research methodologies, statistical and simulation approaches are commonly used in carbon emission studies. Statistical methods based on non-spatial data can be used first. A correlation analysis [11,36] can be used to clarify key indicators, and ordinary least squares (OLS) models [37], panel data models [38], exponential decomposition models [39,40], and co-integration analysis [41] can be used to investigate the relationship between key indicators and carbon emissions. With the rapid expansion of spatial data volume, spatial autoregressive models [42] incorporate spatial effects into classical regression models and take spatial data attributes into account. Regional studies frequently use spatial autocorrelation models [36] to clarify distribution characteristics, spatial lag models [43,44], spatial error models [43,44], and spatial Durbin models [45,46] for global modeling and geographically weighted regression (GWR) models [11,47] for local modeling to clarify the impact of indicators on different regions. To investigate the impact of emission reductions under various scenarios, simulation techniques [48,49] are typically used. It is necessary to select the best procedures for the needs of a specific study. The optimal model will be chosen in this paper by comparing OLS and spatial regression models, and the clustering partitioning method will be introduced for further investigation.



Current studies have proposed various transportation strategies to reduce carbon emissions from various perspectives. From a technological standpoint, reducing transportation energy consumption [50,51] is proposed, as are shortening commuting distances [52] from an urban planning standpoint, reducing road traffic flow [53] from a transportation demand standpoint, developing green transportation [19,54] and increasing city road network density [52] from a transportation supply standpoint. In fact, effective policies to reduce urban carbon emissions differ by city type [14,55], and impact indicators for different cities should be considered when conducting a regional analysis.



Based on the research background described above, we discovered that, while there is more literature on the relationship between traffic and carbon emissions, the consideration of road traffic is not comprehensive, and there may be some potential key factors that have not been discovered. At the same time, there are inconsistencies in the conclusions of related studies, indicating that the mechanism underlying the impacts of road traffic on urban carbon emissions is not completely clear, necessitating additional research. In terms of research methods, fewer studies have used a cluster analysis of impact factors to propose targeted planning strategies for different cities, and this aspect must also be supplemented.



This paper will focus on the perspective of road traffic, using 117 county-level cities in Hebei Province as the study area. A more comprehensive and reasonable road traffic impact index is developed from the standpoint of the transportation discipline. For the regression analysis, the OLS and spatial regression models were used, and the GWR model was used to investigate the impact mechanisms of each factor on different cities in depth. Furthermore, the impact factors are clustered and partitioned in order to identify the dominant factors in each city and propose traffic optimization strategies. This has theoretical and practical implications for the formulation of urban carbon emission reduction policies and the realization of low-carbon city planning goals, as well as serving as a reference point for guiding planning practice.




2. Materials and Methods


2.1. Study Area


The study area for this paper is 117 county-level cities in Hebei Province, China (Figure 1). Hebei Province is located in the Beijing–Tianjin–Hebei region, China’s “capital economic circle” and the largest and most dynamic economic region in northern China. This region has one of the most acute contradictions between economic development and the environment [56], as well as being one of the regions with the highest energy consumption intensity and the worst air pollution in country [57]. The carbon emissions of the Beijing–Tianjin–Hebei region were 601 million tons in 2020, and the carbon emissions of Hebei province were 366 million tons, which is 2.57 times and 4.00 times that of Beijing and Tianjin, respectively [58]. In the same year, road carbon emissions in the Beijing–Tianjin–Hebei region were 0.9 billion tons, with Hebei Province accounting for 0.6 billion tons. The future control of road carbon emissions in Hebei Province will be the focus of reductions in road carbon emissions in Beijing–Tianjin–Hebei region [59].




2.2. Influencing Factors Selection


In conjunction with existing relevant studies, four primary indicators from the perspective of the road traffic system are initially selected: highway network system, city road network system, public traffic system, and land use system of streets and transportation. Additionally, ten secondary indexes are further subdivided as shown in Table 1. All indicator data are counted in the city-wide area.



Highway transport emissions are the focus of carbon emissions in transportation, and improving the efficiency of highway transport organizations is a key initiative for reducing carbon emissions [65]. The density and connectivity of highway networks are the primary indicators of structural performance of highway networks [60]. Highway network density reflects the rationality of structure [60] and is an important indicator of highway network planning. The strength of traffic interconnection is reflected in highway network connectivity, which is an important indicator of structural performance [60].



The term “city road network” refers to the road system in the city’s built-up area. With the accelerated urbanization process, the demand for city road traffic is increasing, as are the resulting carbon emissions. City road traffic carbon emissions are becoming the focus of attention [66]. One of the many metrics currently used to study carbon emissions is city road network density [27,28,29], which reflects how dense the city road network is in urban areas. City road length is the total size of the city road network, and some studies have concluded that it has no significant effect on carbon emissions [26]; while others have suggested that it may have a negative effect on carbon emissions [61]. This paper will put it into the index system to see if some clearer conclusions can be drawn. To some extent, city road area per capita reflects the convenience of urban transportation, and some studies have suggested that it has a negative effect on urban carbon emissions [62], which is also considered in this paper for the reduction in carbon emissions.



Public traffic system has received more attention in the field of urban carbon emissions and is an important concern for lowering carbon emissions. The length of public transit routes and the density of public transit network reflect the scale and structure of the public traffic system. According to some studies, fewer bus miles traveled reduces carbon emissions [63], and network density has a negative effect on urban carbon emissions [30], making them the consideration for emission reductions.



The scale of the land use of street and transportation reflects the level of transportation’s facility supply. Some studies have concluded that it is positively correlated with carbon emissions [28,64], while others have concluded that the effect is not significant [27]. In this paper, three factors reflecting the total scale, per capita index, and percentage index are chosen for analysis to supplement the conclusion of the impact mechanism on urban carbon emissions.




2.3. Data Resources and Processing


The total data of urban carbon emissions for this study were derived from the 2017 County-level CO2 Emissions in China from the China Carbon Emission Accounts and Datasets (CEADs) (https://www.ceads.net.cn, accessed on 27 May 2022). This dataset estimates CO2 emissions for 2735 counties in China from 1997 to 2017 using the swarm-optimized back propagation (PSO-BP) algorithm to unify the scale of DMSP/OLS and NPP/VIIRS satellite imagery. The dataset’s results were published in SCIENTIFIC DATA [67] and have received numerous citations [68,69,70,71].



Due to the large differences in the area of cities in the study area, this study shows the carbon emissions of each city in terms of urban land-average carbon emissions [72], and the values of land-average carbon emissions are calculated from CEADs data.



The China City Construction Statistical Yearbook [73] provides four impact factors: city road network density, city road length, city road area per capita, and street and transportation land use area. The relevant data from the China City Construction Statistical Yearbook are used to calculate highway network density, highway network connectivity, land use area per capita, and land use area ratio for streets and transportation methods. The length of public transit routes is obtained in part from each city’s statistical yearbook [74,75] and in part from data from Gaode Map (https://ditu.amap.com/, accessed on 2 June 2022), from which the density of public transit network is calculated.



The data of each index are shown in Figure 2.




2.4. Method


Figure 3 depicts the research framework for this study. To begin, impact indicators of road traffic are proposed, and key factors are identified using correlation analysis and collinearity diagnostics. Second, the spatial autocorrelation model is used to determine the spatial dependence of urban carbon emissions. The OLS, SLM, SEM, SDM, and GWR models are built to analyze the impacts of factors on urban carbon emissions by comparing the performance of the models and choosing the best model to determine the impact mechanism and spatial distribution characteristics. Finally, the main impact factors of each partition are clarified by clustering analysis, and a differentiated optimization strategy is proposed.



2.4.1. Correlation Analysis


Correlation analysis is used to determine the degree of similarity between the impact factors [36], and highly correlated indicators may result in information redundancy. The correlation coefficient is a statistical indicator that is used to indicate the closeness of relationships between variables. The calculation formula [76] is as follows:


   r =     ∑   i = 1   n     X i   −    X ̲        Y i   −    Y ̲          ∑   i = 1   n       X i   −    X ̲      2       ∑   i = 1   n       Y i   −    Y ̲      2       



(1)




Here, X and Y are the variables under consideration, and the absolute values of r are less than or equal to 1. If the value exceeds 0, it means that the two variables are positively correlated; otherwise, the two variables are negatively correlated. The stronger the correlation, the greater the absolute value of r.




2.4.2. Collinearity Diagnostics


When there are strongly correlated independent variables, the presence of multicollinearity must be determined by analyzing the variance inflation factors (VIF) of the metrics [36]. Multicollinearity can cause significant changes in the estimates of the regression coefficients, leading to model instability [77]. When the VIF value is greater than 5 to 10 or the conditional index is greater than 10 to 30 [78], multicollinearity exists and the variables must be excluded.




2.4.3. Spatial Autocorrelation Analysis


Spatial autocorrelation is used to examine the spatial correlation of variables, and spatial regression methods can only be used when the dependent variable is spatially correlated [36]. Moran’s I is the most commonly used indicator for investigating spatial autocorrelation. The calculation formula [79] is as follows:


  I =   n  ∑  i = 1  n   ∑  i = 1  n   W  i j      x i  −  x ¯       x j  −  x ¯       ∑  i = 1  n   ∑  i = 1  n   W  i j    ∑  i = 1  n       x i  −  x ¯     2     



(2)




here, xi represents the observed value of city i, and Wij represents the spatial weight. Moran’s I has a value range from −1 to 1, with less than 0 indicating negative correlation, greater than 0 indicating positive correlation, and equal to 0 indicating that each spatial unit in the study area is independent of each other. If the value is closer to 1, it means that the spatial distribution of the study subjects has a greater aggregation effect. If the value is closer to −1, it means that there is a greater convergence in spatial distribution displayed by the study subjects.




2.4.4. Ordinary Least Squares (OLS)


The most commonly used linear regression models to explain the impacts of variables are ordinary least squares (OLS), which can analyze the degree of influence of the respective variables on the dependent variable at the global level. The calculation formula [80] is as follows:


  y =  β 0  +  β 1   x 1  +  β 2   x 2  + ⋯ +  β p   x p  + ε  



(3)




Here, y is the dependent variable, and    β 0    is the constant term.      β 1   ,    β 2   , and    β p    are the regression coefficients.    ε     is the stochastic error.



The goodness of fit is indicated by the regression result R2, and the closer the value is to 1, the better the fit.




2.4.5. Spatial Regression Model (SLM, SEM, SDM, and GWR)


When the dependent variable is spatially dependent, the spatial regression model is more useful. SLM, SEM, and SDM are global regression models. SLM estimates spatial effects by combining the spatial lags of the dependent variable [43,44]. SEM estimates spatial effects through spatial dependence in the error term [43,44]. SDM, on the other hand, estimates spatial effects using the dependent and independent variables’ spatial lags [45,46].



GWR is a local form of linear regression that can be used to model spatially varying relationships. GWR is capable of explaining local spatial relationships and spatial heterogeneity. The calculation formula [80] is as follows:


   y i  =  β 0     u i  ,  v i    +   ∑   k = 1  m   β k     u i  ,  v i     x  i k   +  ε i   



(4)




Here,     y i    is the dependent variable’s value at position i,      x  i k       is the independent variable’s value at position i,       u i  ,  v i      is location coefficient,     β 0     u i  ,  v i      is the intercept term, and    β k     u i  ,  v i      is the regression coefficient.




2.4.6. K-Means Cluster Analysis


Cluster analysis is the process of grouping data based on information about the indicators and their relationships found in the data, so that the indicators within and between groups exhibit homogeneity and heterogeneity, respectively [81]. The most commonly used cluster analysis method is k-means cluster [82], which automatically divides the data into k groups based on certain characteristics and iterates to determine the final groups based on the distance rule, which is based on the initial clustering centers selection. The F value is used to compare the intra-group and inter-group similarity of various grouping methods. The calculation formula [83] is as follows:


  F =        R 2     n c  − 1           1 −  R 2    n −  n c        ,  R 2  =   S S T − S S E   / S S T  



(5)




Here, n is the number of data points, nc is the number of groups, SST is a statistic that measures component differences, and SSE is a statistic that measures similarity within groups.






3. Results and Analysis


3.1. Spatial Distribution of Carbon Emissions


3.1.1. Overall Distribution of Land-Average Carbon Emissions


The overall distribution of land-average carbon emissions in the study area is uneven and shows obvious differences, with a decreasing trend from the southeast to the northwest. The highest value is 15,000 tons/km2 in Langfang, near Beijing, and the lowest value is 1000 tons/km2 in Chengde, in the north, with a 15-fold difference. Tangshan, Langfang, and Baoding in the ring around Beijing and Tianjin, and Shijiazhuang and Xingtai in the southwest, where heavy industry is more developed, have the highest land-average carbon emissions. These are the cities that must be prioritized for future efforts in reducing carbon emissions.




3.1.2. Spatial Autocorrelation of Land Average Carbon Emissions


Because the overall distribution of land-average carbon emissions shows obvious aggregation, a spatial autocorrelation analysis was performed. The results showed that Moran’s I was positive, indicating that carbon emissions were positively correlated. Meanwhile, the p value is 0.00, which is less than 0.05, and the Zscore is 8.5, which is greater than 2.58, indicating that there is some spatial clustering in urban land-average carbon emissions.



Further high/low clustering judgments were made, and the results revealed that the p value was 0.00, less than 0.05, and the Zscore was 7.19, greater than 2.58, indicating the presence of significant high clustering. The cold and hotspot analysis reveals that there are obvious cold and hotspot areas for urban land-average carbon emissions, with the hotspot areas primarily distributed around Beijing and Tianjin (Figure 4), indicating that the cities around Beijing and Tianjin are influenced by them, with correspondingly more frequent socio-economic activities and high energy consumption, and the cold spot areas primarily concentrated in northwestern Chengde and Zhangjiakou.





3.2. Impacts of Road Traffic on Carbon Emissions


3.2.1. Explanatory Variables Selection


The results of the correlation analysis (Figure 5) show that seven impact factors are significantly correlated with urban land-average carbon emissions. The correlation coefficients of three factors, namely, city road network density, land use area per capita, and land use area ratio of streets and transportation, did not pass the significance test with urban land-average carbon emissions and are thus excluded from the index.



At the same time, we discovered significant positive correlations with correlation coefficients greater than 0.7 between some influencing factors, including the highway network density and the highway network connectivity, the city road length and street and transportation land use area, the density of the public transit network, and the length of public transit routes. Because highly correlated variables can cause model instability, variables with low correlation with the dependent variable, such as highway network connectivity, street and transportation land use area, and length of public transit routes, were excluded.



The remaining four indicators were examined for collinearity, and the variance inflation factor (VIF) was less than five, indicating that there was no collinearity (Table 2). A preliminary regression analysis of these four indicators revealed that one of them failed the significance test, namely, the city road area per capita. This means that the indicator is not statistically significant and will be excluded from the following analysis.




3.2.2. Comparison of OLS, SLM, SEM, SDM, and GWR Models


Table 3 and Table 4 shows the results of the OLS, SLM, SEM, SDM, and GWR models, which were built by using three indicators: the highway network density, the city road length, and the density of public transit network.



The global OLS model had a lower R2 and a higher AICc, indicating that the spatial data’s explanatory power was insufficient. By creating spatial regression models SLM, SEM, and SDM, the model was enhanced, and it was discovered that R2 grew to approximately 0.65 and AICc decreased to approximately −40. This indicated that the spatial regression model had a better simulation performance, with the SLM model performing the best.



Despite being a better fit than OLS, SLM was unable to detect spatial differences in the explanatory variables within the study area. Therefore, a spatially non-smooth local model, GWR, was created. The results indicated that the GWR model is more effective than the global model at explaining the geographical non-stationarity of the data using spatially variable relationships, as shown by a higher R2 and a lower AICc than the SLM.



The distribution of the GWR model’s standardized residuals reveals that three cities are poorly fitted, while the remaining 114 sample cities are well fitted (Figure 6).



We find that the three impact variables have different effects on each city after further analyzing their regression coefficients. Figure 7 depicts the spatial distribution of the regression coefficients of the impact variables for each city in the study area. Overall, all of the impact factors exhibit significant piecewise spatial differentiation properties. The highway network density has a relatively large impact on the northern region. The northwestern region is more affected by the density of the public transit network. The southwest region is more affected by the city road length.



Specifically, the highway network density has a positive impact on the urban land-average carbon emissions, and the degree of impact decreases from north to south. The highest impact coefficients are found in Chengde, Zhangjiakou, Baoding, and Langfang around Beijing, while the lowest are found in Handan and Xingtai in the south.



The impact of public transit network density on the urban land-average carbon emissions is positive, and the impact value decreases from the southwest and northwest to the eastern region. Zhangjiakou in the northwest has the highest impact coefficient, while Chengde and Qinhuangdao in the eastern region have the lowest.



Except for one city, the city road length has a positive effect on the urban land-average carbon emissions, with the smallest impact coefficient of the three factors. From the southwest to the north, the magnitude of the impact decreases. The areas with the highest impact coefficients are concentrated in Shijiazhuang, Handan, and Xingtai in the southwest, while the smallest areas are concentrated in Chengde and Zhangjiakou in the northwest.




3.2.3. Cluster Partitioning


The results show that the study area can be divided into four characteristic categories of areas (Figure 8), and cities in the same category that exhibit strong spatial aggregation characteristics, using the K-mean clustering method to cluster the GWR coefficients of each impact factor. They can be divided into different types of dominant zones by horizontally contrasting the average value of each impact factor coefficient for urban land-average carbon emissions in four types of areas (Table 5).



Class I areas include 30 cities, the majority of which are located in northeast Tangshan, Qinhuangdao, Chengde, and Langfang, and Zhangjiakou in the central region. This area has the highest highway network density influence coefficient and can be considered a highway network dominant impact area.



Class II areas consist of four cities, the majority of which are located in Zhangjiakou in the northwest. This area has the highest impact factor on the density of the public transit network and can be considered the public transit-dominant impact area.



Class III areas consist of 35 cities, the majority of which are located in Shijiazhuang, Xingtai, and Handan in the southwest. This area has the highest impact factor on the city road length and can be considered the city road system’s dominant impact area.



Class IV areas contain 48 cities, which are mainly located in Hengshui, Cangzhou, and Baoding in the central region. The average coefficient of each influence factor in this area does not contain a maximum value and can be considered a multi-factor co-influence area.






4. Discussion


4.1. Differences in the Spatial Distribution of Land-Average Carbon Emissions


Using a spatial autocorrelation analysis, this study discovers significant spatial differences in the urban land-average carbon emissions in the study area, which is consistent with the findings of other studies [84]. The hotspot areas are primarily concentrated around Beijing and Tianjin, implying that Beijing and Tianjin affect the cities surrounding them, with correspondingly more frequent socioeconomic activities, a high population density, a relatively high passenger and freight traffic flow, and a high energy consumption, resulting in higher carbon emissions, as confirmed by a study on road traffic carbon emissions [59]. The cold spot area is primarily concentrated in northwestern Chengde and Zhangjiakou, which are far from Beijing, Tianjin, and heavy industrial areas, and they have low population density, low road density, relatively low intensity of socioeconomic activities, and thus, relatively low carbon emissions, which is also consistent with the current research on road traffic carbon emissions [59]. Therefore, the focus of low-carbon planning should be placed on hotspot areas.




4.2. The Impact of the Mechanisms of Road Traffic on Land-Average Carbon Emissions


This paper finds that the factors of road traffic affecting urban land-average carbon emissions are significantly spatially heterogeneous, with the dominant impact factors varying from city to city, requiring differentiated consideration when developing specific carbon reduction strategies. The highway network density has a relatively large impact on the northern region. The northwestern region is more affected by the density of the public transit network. The southwest areas are more affected by city road length.



Highway network density has a net positive effect on the urban land-average carbon emissions, which contradicts the findings of some previous studies [27]. The possible reason for this is that highways primarily transport passengers and freight traffic, and a higher highway network density means more highways per unit area and a longer total mileage, indicating that a greater traffic service capacity is provided and more traffic flows are carried, and the more carbon emissions are generated by passenger and freight vehicles, leading to increased highway carbon emissions. The inconsistency of urban development and traffic demand in different regions will result in different study conclusions.



City road length has a positive effect on the urban land-average carbon emissions, which contradicts the findings of some studies [26,61], but its impact is minor in comparison to the other two factors. The reason for this could be that the longer the road, the greater the service capacity, the greater the traffic volume it carries, and thus, the greater the carbon emissions generated. This is an indication that traffic demand in a county-level city has not yet reached saturation, and that continuous traffic demand is still increasing. This conclusion may not be applicable in large cities where traffic demand is close to or even exceeds saturation; thus, this may result in inconsistent findings across studies.



The density of the public transit network has a positive effect on the urban land-average carbon emissions, contrary to the popular belief that urban transit systems have a negative effect on urban carbon emissions. However, other studies have reached the different conclusions that an increase in the level of public transit services does not always result in a decrease in urban carbon emissions [85], because the majority of the increase in the proportion of public transit trips comes from bicycle and pedestrian traffic rather than car traffic, implying an increase in the total proportion of motorized trips and more energy consumption. This study also concludes a positive effect of the public transit system on urban carbon emissions, implying that increasing the level of public transit services serves to increase energy consumption rather than reduce urban carbon emissions. This means that the more developed public transportation is, the more attractive it is for the residents of towns to travel, and the greater the total transportation travel demand, thus resulting in an increase in carbon emissions from the means of public transportation. It also indicates that the proportion of the resident transportation mode in the study area has not changed from private to public, which deserves greater concern in low-carbon strategies.



Finally, all three secondary indicators have insignificant effects on the urban land-average carbon emissions in the indicator layer of land use for streets and transportation, which is consistent with the findings of some studies [27].




4.3. Suggestions for Road Traffic Planning


Firstly, in response to spatial differences in urban land-average carbon emissions, the focus of road transportation planning should be focused on hotspot areas around Beijing and Tianjin, particularly in regional urban planning, with transportation system optimization as a key planning tool.



Secondly, in response to the results of the road traffic indicator impact mechanism, low-carbon planning should prioritize the highway network system and the public transit system. The highway network system should focus on improving the efficiency of transport organization. In addition to the traditional planning of public transit corridors and station facilities, the focus of the public transit system should be placed on proposing initiatives to increase its attractiveness, such as increasing bus routes, scientifically establishing bus stops, opening special bus lines, and establishing intelligent public transit management systems, as they have the potential to reduce public transit travel time, improve efficiency, and increase the attractiveness of public transit travel in general, thereby reducing the proportion of private transportation travel, increasing the proportion of urban public transportation travel, and truly contributing to a reduction in urban carbon emissions.



Finally, in response to the results of the spatial heterogeneity of impact factors, traffic optimization strategies with different focuses should be developed according to the four categories of areas with different characteristics and the clustering partition. Class I areas should focus on improving the efficiency of highway transport organizations. Class II areas should focus on optimizing the public transit network and improving the attractiveness of public transit in order to shift the proportion of private car trips and reduce the overall traffic carbon emissions. Class III areas should prioritize reducing traffic congestion on city roads and increasing the proportion of the green transportation trips. Class IV areas are multi-factor areas that are relatively influenced by the public transit system, and they should focus on improving the attractiveness of public transit in the future.




4.4. Limitations and Future Prospects


This paper establishes road traffic indicators that affect the urban land-average carbon emissions, delves into the impact mechanisms of each indicator on carbon emissions, and offers recommendations for low-carbon development in urban transportation planning. There are some limitations and potential future avenues for further optimization in this study.



First, the carbon emissions data for the cities in this paper’s research region are obtained from open databases, and more accurate carbon emissions data values will be available in the future.



Second, the research area of this paper is the key metropolitan area in northern China; other key metropolitan areas, such as the central Yangtze River Delta and the southern Pearl River Delta, may have different research findings due to inconsistent urban development levels, and the fact that more research and optimization strategies for different regions are required.



Third, this research was only conducted in a single time cross-section, and if the researchers want to understand the changes in the impact of each factor index on urban carbon emissions more deeply, they should collect and compare data from multiple time cross-sections and should conduct more in-depth research in this field in the future.



Finally, in the new data environment, more new technical methods may emerge that can be used to conduct more in-depth research in the future.





5. Conclusions


This study establishes comprehensive road traffic indicators covering four aspects by constructing a sample database of 117 county-level cities: the highway network system, the city road network system, the public transit system, and the land use area system of streets and transportation. The impacts of road traffic indicators on the urban land-average carbon emissions are investigated, and distinct transportation optimization strategies are proposed. From the perspective of transportation, the methodology and fields of research on urban carbon emissions are supplemented. The research findings can assist policymakers in developing more targeted carbon reduction policies, provide useful references for urban planning practitioners in developing planning schemes, and serve as a foundation for economic sectors in developing investment strategies.



The following are the main conclusions:




	
The distribution of urban land-average carbon emissions has obvious spatial differences, with hotspot areas primarily located around Beijing and Tianjin, which should be prioritized in low-carbon work.



	
The global models (OLS, SLM, SEM, and SDM) and the local model (GWR) were built to analyze the impact mechanism, and it was discovered that the GWR model has a higher R2 value and a smaller AICc value, which has a better model performance.



	
The three indicators of highway network density, city road length, and density of public transit network all have a significant effect on urban land-average carbon emissions, but the land use area system of streets and transportation has no effect. The emphasis should be on the highway network and public transit systems, particularly concerning initiatives to improve the efficiency of highway transportation organization and increase the proportion of public transportation trips.



	
The GWR model’s results show that there is significant piecewise spatial differentiation in the impact of the three factors on the urban land-average carbon emissions. The highway network density has a relatively large impact on the northern region. The northwestern region is more affected by the density of the public transit network. The southwest are more affected by the city road length.



	
By means of clustering, the study area was divided into four categories of dominant areas of different impact factors, and targeted traffic optimization recommendations were made. Class I areas are highway network dominant impact areas, where the focus should be placed on improving the efficiency of highway transport organization. Class II areas are public transit dominant impact areas, where the focus should be on optimizing the public transit network and improving the attractiveness of public transit. Class III areas are city road network dominant impact areas, where the focus should be on reducing traffic congestion on city roads and increasing the proportion of the green transportation trips. Class IV areas are multi-factor areas and they should be relatively focused on improving the attractiveness of public transit.
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Figure 1. Location map of the study area. 
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Figure 2. Data of urban land-average carbon emissions and impact factors. 
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Figure 3. Research framework. 
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Figure 4. Hot and cold spots in urban land-average carbon emissions distribution. 
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Figure 5. Correlation analysis. 
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Figure 6. Standardized residuals of the GWR. 
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Figure 7. GWR coefficients of impact factors. 
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Figure 8. City clustering partitioning results. 
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Table 1. Road traffic indicators.
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Target Layer

	
First-Order Index

	
Secondary Index

	
Units

	
Symbol






	
Urban Carbon Emissions

(Y)

	
Highway network system

	
Highway network density [27]

	
km/km2

	
X1




	
Highway network connectivity [60]

	
-

	
X2




	
City road network system

	
City road network density [27]

	
km/km2

	
X3




	
City road length [61]

	
km

	
X4




	
City road area per capita [62]

	
m2

	
X5




	
Public traffic system

	
Length of public transit routes [63]

	
km

	
X6




	
Density of public transit network [30]

	
km/km2

	
X7




	
Land use system of street and transportation

	
Street and transportation land use area [64]

	
km2

	
X8




	
Street and transportation land use area ratio [27]

	
-

	
X9




	
Street and transportation land use area per capita

	
m2

	
X10
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Table 2. Diagnostic analysis of indicators.
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Indicators

	
p

	
Collinearity Statistics




	
Tolerances

	
VIF






	
(Constant)

	
0.137

	

	




	
Highway network density

	
0.000

	
0.865

	
1.157




	
City road length

	
0.000

	
0.936

	
1.068




	
City road area per capita

	
0.660

	
0.935

	
1.070




	
Density of public transit network

	
0.000

	
0.883

	
1.132
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Table 3. Comparison of OLS, SLM, SEM, SDM, and GWR models.
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	Model
	R2
	Adjusted R2
	AICc





	OLS
	0.51
	0.49
	−8.14



	SLM
	0.65
	0.64
	−41.10



	SEM
	0.65
	0.64
	−38.76



	SDM
	0.66
	0.65
	−39.94



	GWR
	0.74
	0.67
	−42.25
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Table 4. Summary statistics of global OLS, SLM, SEM, and SDM models.
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Variable

	
Coefficient

	
p-Value




	
OLS

	
SLM

	
SEM

	
SDM

	
OLS

	
SLM

	
SEM

	
SDM






	
Highway network density

	
0.2226

	
0.1379

	
0.1626

	
0.1128

	
0.0000

	
0.0000

	
0.0000

	
0.0049




	
City road length

	
0.0012

	
0.0009

	
0.0010

	
0.0009

	
0.0000

	
0.0000

	
0.0000

	
0.0000




	
Density of public transit network

	
0.6735

	
0.5664

	
0.5566

	
0.5530

	
0.0000

	
0.0000

	
0.0000

	
0.0000




	
R-squared

	
0.51

	
0.65

	
0.65

	
0.66

	

	

	

	




	
AIC

	
−8.35

	
−41.31

	
−38.97

	
−40.15
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Table 5. Mean statistics of clustering results.






Table 5. Mean statistics of clustering results.





	Indicators
	Class I
	Class II
	Class III
	Class IV





	Number of cities
	30
	4
	35
	48



	Highway network density/km/km2
	0.4711
	0.1604
	0.1095
	0.2053



	City road length/km
	0.0008
	0.0005
	0.0014
	0.0010



	Density of public transit network/km/km2
	0.2348
	1.3506
	0.5587
	0.4255
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