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Abstract:



Air pollution has been a serious challenge for human sustainable development. Researches show that emissions from the transport sector have been found to be a main source of air pollution in cities. Governments have implemented numerous green traffic policies to mitigate harmful emissions. However, the problem as to whether the green traffic policies are effective, and the extent to which the policies affect air quality remain unknown. This paper is the first attempt to apply a difference-in-difference method to investigate how a specific green traffic policy (in our case, the green traffic pilot cities program) affects air quality. The estimates show that the pilot program is associated with consistent reductions in annual concentration of pollutants. In pilot cities of China, the annual concentration of [image: there is no content], [image: there is no content] and [image: there is no content] decrease by 10.71 percent, 11.26 percent and 9.85 percent, respectively, after the implementation of the green traffic pilot cities program. The results show that the green traffic pilot has a noticeable improvement on air quality of the pilot cities, implying that government intervention has a positive influence on pollution prevention in the transport sector. Moreover, the green traffic system construction can be popularized in other cities to mitigate air pollution.
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1. Introduction


Air pollution in cities has been a serious environment problem in China, and has negative effect on sustainable development. “In China, among 338 cities at prefecture level and above, eighty percent of cities’ air quality exceeded the standard in 2015”, according to the State of Environment Report of 2016 [1]. The transport sector has been a major source of air pollution in China [2], especially in the cities. Studies have testified that the transport emissions not only affect the air quality, but also cause serious damage to health and the economy [3,4,5,6,7,8,9]. The transport sector of China is a key area where we should pay more attention to mitigate harmful emissions [10,11,12].



To achieve the strategic target of Construct Ecological Civilization, the Chinese government has taken a series of policies and measures to prevent and control the air pollution from the transport sector. In 2012, the Chinese government enacted the first plan on the prevention and control of air pollution: Prevention and Control of Air Pollution in Key Regions of the 12th Five-Year Plan, proposing that China should promote the sustainable development of urban transport. The Air Pollution Prevention and Control Action Plan, issued by the State Council in September 2013, may signal the Chinese government’s intent to make air pollution a priority and strengthen the implementation of related policies [13]. This Action Plan further emphasizes that cities should intensify the management of urban traffic and develop public transportation energetically. More importantly, the Air Pollution Prevention and Control Law revised in 2015 has given a comparatively detailed, concrete regulation to environmental management of transport, which thus formally brings the air pollution prevention and control in the transport sector into the structural law. To achieve the targets, the Ministry of Transport of China implemented a series pilot programs to protect the environment during the 12th five-year plan. The program of green traffic pilot cities is one of them, while 26 cities are chosen as pilots to develop green transportation system. These traffic policies, which aim to prevent and control harmful emissions, are defined as the green traffic policies in this paper. It is necessary to develop a green transportation system for the transitional China, which can not only reduce traffic-related emissions, but also promote the transformation and upgrading of traffic industry to establish green and low-carbon development model. Thus, the effectiveness of this pilot program is important to the policymakers. Nevertheless, some important problems remain unknown: Does the green traffic policy improve the air quality? To what extent does the specific policy affect the environment and air quality?



Some recent studies have examined the effect of several environmental policies [14,15,16,17]. However, to the best of our knowledge, most attempts fail to estimate green traffic policies in China. According to our previous study, we evaluate the effectiveness of transport policies on decreasing pollutants emission using a new concept of “pollution rebound effect” [18]. The findings show that the Chinese green traffic policies as a whole are effective in terms of harmful emissions reduction during the period 1986–2014. However, the effect of green traffic pilot cities as a specific policy needs to be further measured. It is an important process because the results shed light on the value of this program and can provide scientific and useful information for policymakers to further develop and implement the policy in other cities. Moreover, the results may have instructive inspiration for other industries of China.



Calculating the emission reductions from this specific policy requires us to estimate how many pollutants would have been discharged in the absence of this program. We cannot simply compare pollutants emissions before and after the implementation of the program in the pilot cities, because urban traffic has a rapid development during the last decade. We cannot easily compare the emissions among cities that are concluded and not concluded in the pilot program because of the different characteristics of Chinese cities.



To address this problem and quantify the actual effect of this specific green traffic policy, we employ a difference-in-difference (DID) approach. The DID method, based on natural experiment, is the most widely used research tool in the academic literature regarding effect of policy. The DID approach is usually used to estimate causal effects, and is first applied in natural science. Then other fields, like psychology and economics, began to solve some problems through the DID type of approach [19,20,21,22,23]. In China, Zhou and Chen [24] first introduce DID method to analyse the causal effects of China’s rural tax-and-fees reforms on the income growth of farmers. Then, the DID approach was used widely to estimate the effects of many Chinese policies, which include some environmental policies of China [16,25,26]. However, the DID method has not yet been used to evaluate the effect of green traffic policy on air quality in the current literatures, to the best of our knowledge.



Our paper is the first attempt to apply the difference-in-difference method to quantify the impact of a specific green traffic policy on air quality. We define the pilot cities, which are honored with the title of the “green traffic city”, as the treatment group, and other provincial metropolises as the control group. To measure the effect of the pilot cities program, we compare changes in the annual concentration of pollutants between pilot cities and other cities, using a linear regression model with a two-way fixed effect. Using panel data on the annual concentration of pollutants in provincial capitals from 2004 to 2014, we examine the actual effect on air quality that caused by the pilot cities project. In the empirical analysis below we find that the program of green traffic pilot cities has a positive impact on air quality.



The remainder of this paper is structured as follows. Section 2 details the program that we estimate, and the data we use. Section 3 introduces the methods used to estimate the real effect of the program on air quality. Section 4 shows the empirical estimation, and further discusses the results. Section 5 concludes.




2. Program Description and Data


The Chinese Ministry of Transport implemented 63 environmental protection pilot projects in transportation during the 12th five-year plan, so as to achieve the targets of the energy conservation and emission reduction. The pilot projects include the environment monitoring network of transportation, the ecological construction and protection of major transport infrastructure and the clean energy utilization of expressway service area. Our analysis examines the effect of the program of green traffic pilot cities. The target of this program is to accelerate the establishment of a green low-carbon transportation system in cities. The pilots focus on some major themes, including the green traffic, efficient transportation, low-carbon public transport and intelligent transport. The first batch of pilot cities were chosen by the Ministry of Transport in 2011, constituting 10 pilot cities. In 2012 the pilot cities increased by 16 more cities. The first batch of pilot cities include: Tianjin, Chongqing, Shenzhen, Xiamen, Hangzhou, Nanchang, Guiyang, Baoding, Wuxi, Wuhan. The second batch include: Beijing, Kunming, Xi’an, Ningbo, Guangzhou, Shenyang, Harbin, Huai’an, Yantai, Haikou, Chengdu, Qingdao, Zhuzhou, Bengbu, Shiyan, Jiyuan. The pilot cities could gain special funds to construct the green low-carbon transportation system, save energy and protect the environment. In June, 2016 the green traffic pilot projects were checked, and six pilot cities were honored with the green traffic city title, including Chongqing, Hangzhou, Xiamen, Beijing, Wuhan and Wuxi. Considering the different administrative status of the six cities, we choose Hangzhou and Wuhan as the treatment group of this paper, which both are provincial capitals and both are chosen as pilot cities in 2011. Relatively, we choose other provincial capitals as the control group, which are adjacent to Hangzhou and Wuhan and not concluded in the pilot cities. The control group includes seven cities: Jinan, Zhengzhou, Hefei, Changsha, Nanjing, Fuzhou and Nanning.



To estimate the effect of this green traffic policy on air quality, we obtain data on the annual average concentration of pollutants in the nine cities from the “China Statistical Yearbook on Environment (2005–2015)” [27]. The transport sector is currently the major emitter of air pollutants in Chinese cities [2]. The measures on prevention of air pollution in a city are mainly related to the transport sector. Therefore, in this paper, we use the annual average concentration of pollutants as a proxy for transport emissions. The utilized data of the control variables are derived from National Bureau of Statistics of the People’s Republic of China, which has collected official statistics on Chinese society (http://www.stats.gov.cn/), provides macroeconomic data, such as population, gross domestic product, passenger volume and freight volume. The number of buses and taxies in each city is obtained from “China City Statistical Yearbook (2005–2015)” [28]. In addition, we collect the number of civil vehicles in each city, which is from the “China Statistical Yearbook for Regional Economy (2005–2015)” [29]. Table 1 presents a summary of statistics for the number of all variables for the two groups separately, including the logarithmic forms of the annual average concentration of pollutants, population, gross domestic product, passenger volume, freight volume, the number of buses, taxies and civil vehicles.



Table 1. Descriptive statistics of the variables in China, 2004–2014.







	

	
Treatment Group

	
Control Group




	

	
Mean

	
Std. Dev.

	
Minimum

	
Maximum

	
Mean

	
Std. Dev.

	
Minimum

	
Maximum






	
ln[image: there is no content]

	
3.7307

	
0.3173

	
3.0445

	
4.1109

	
3.5289

	
0.6111

	
2.0794

	
4.5539




	
ln[image: there is no content]

	
3.9916

	
0.0573

	
3.8918

	
4.0943

	
3.6465

	
0.2757

	
2.8332

	
4.1109




	
ln[image: there is no content]

	
4.6831

	
0.0975

	
4.4998

	
4.8675

	
4.5773

	
0.2775

	
3.9120

	
5.2933




	
ln[image: there is no content]

	
6.6191

	
0.0973

	
6.4795

	
6.7295

	
6.4713

	
0.1480

	
6.0973

	
6.9777




	
ln[image: there is no content]

	
8.4836

	
0.5019

	
7.5786

	
9.2173

	
7.9306

	
0.6426

	
6.3782

	
9.0849




	
ln[image: there is no content]

	
10.1104

	
0.2846

	
9.4639

	
10.5026

	
9.6945

	
0.5532

	
8.3525

	
10.8113




	
ln[image: there is no content]

	
10.2213

	
0.3147

	
9.7436

	
10.7899

	
9.7686

	
0.4885

	
8.6599

	
10.6500




	
ln[image: there is no content]

	
8.7939

	
0.2045

	
8.3393

	
9.0660

	
8.1736

	
0.3653

	
7.4472

	
9.0038




	
ln[image: there is no content]

	
9.3364

	
0.2284

	
9.0105

	
9.7170

	
8.8889

	
0.3473

	
8.1194

	
9.4074




	
ln[image: there is no content]

	
13.6617

	
0.5834

	
12.8206

	
14.6457

	
13.1465

	
0.7443

	
11.5870

	
14.6142








[image: there is no content], [image: there is no content] and [image: there is no content] are the annual average concentration of pollutants in each city; POP, GDP, PV, FV, BUS, TAXI and CV represent the population, gross domestic product, passenger volume, freight volume, and the number of buses, taxies and civil vehicles in each city, respectively.








Comparing the statistics across the two groups, each pollutant of the cities in the treatment group has, on average, a larger concentration than the control cities. The treatment cities also have, on average, larger populations, higher GDP, and larger numbers of buses, taxies and civil vehicles. Moreover, we compare the average changes of annual concentration of each pollutant in the treatment group and control group for the period before the program (i.e., 2004 through 2010) and after the program (i.e., 2011 through 2014). Table 2 shows that the annual concentration of each pollutant in the treatment group decreases after the program. However, the annual concentrations of [image: there is no content] and [image: there is no content] in the control group increase in the period after the program compared with the time before the program. Although the concentration of [image: there is no content] decreases for both groups, the number decreases an average 37.95% in the treatment group and only 23.80% in the control group. These results appear to be intuitive, but they cannot be taken as the true effect of the program of green traffic pilot cities. We should further estimate the effect of this program more strictly.



Table 2. Average change in concentration of each pollutant before and after the program.







	

	
Treatment Group

	
Control Group




	

	
Before (2004–2010)

	
After (2011–2014)

	
DD

	
Percentage Change

	
Before (2004–2010)

	
After (2011–2014)

	
DD

	
Percentage Change






	
[image: there is no content]

	
50.57

	
31.38

	
−19.19

	
−37.95%

	
43.78

	
33.36

	
−10.42

	
−23.80%




	
[image: there is no content]

	
54.36

	
54.00

	
−0.36

	
−0.66%

	
38.10

	
42.54

	
4.44

	
11.65%




	
[image: there is no content]

	
111.71

	
103.12

	
−8.59

	
−7.69%

	
98.96

	
104.71

	
5.75

	
5.81%








[image: there is no content], [image: there is no content] and [image: there is no content] are the annual average concentration of pollutants in each city. The unit is micrograms per cubic meter ([image: there is no content]g/m3).









3. Methods


This paper is aimed at estimating the impact of specific green traffic policy on air quality in China. For example, harmful emissions decrease or have no changes after the implementation of this program in the pilot cities. To testify the effectiveness of the program, we employ the DID method. By using other provincial capitals that are not pilot cities as the control group, the DID method compares the differences in air quality in the experimental cities before and after the intervention with the same differences for the non-experimental cities. Specifically, in our estimation we use a regression model with a two-way fixed effect. We use the annual concentration of three pollutants as the proxy measure for air quality:


[image: there is no content]



(1)




where i stands for a given city and t represents the year. [image: there is no content] is the logarithm of the annual average concentration of pollutants in city i in year t. In this paper, we choose three pollutants to analyze the effect of the program, namely, [image: there is no content], [image: there is no content] and [image: there is no content]. [image: there is no content] is a dummy variable, which is 1 if the city i is included in the pilot cities. [image: there is no content] is also a dummy variable, which is 1 for the program implemented in 2011 and incrementally increases after that. The model also controls for observed time-varying covariates, [image: there is no content]. In this paper, we choose the population (POP), gross domestic product (GDP), passenger volume (PV), freight volume (FV) and the number of buses (BUS), taxies (TAXI) and civil vehicles (CV). We also take the logarithmic operation to these variables. [image: there is no content] represents the individual fixed effect. [image: there is no content] stands for the time effect. [image: there is no content] is the error term. [image: there is no content], [image: there is no content] and the vector [image: there is no content] are the parameters to be estimated. The estimate [image: there is no content] represents the average effect of the intervention on air quality, which is the most concerned parameter in this estimation [30,31].



It is noteworthy that the DID method can be applied when two critical assumptions are satisfied. The first one is a parallel trend assumption that the trends of concentration of pollutants over time should be the same across the experimental and non-experimental cities. This assumption insures that the control group can be used as the counterfactual scene of the treatment group. In this study, we use the data from 2004 to 2014, which covers more than 2 years. Therefore, we can test this assumption through the time-tendency graph to see the consistency of the preintervention time trends for the pilot and other cities [32,33]. Section 4 shows that the preintervention time trends are the same so that we have reasons to presume that they would have the same change after the implementation of the program.



The other hypothesis is that the implementation of the pilot project is mean-independent of the error term. This assumption is not violated in this study for the following reasons. The program of green traffic pilot cities is launched by the Chinese government, which is mandatory to some extent. Whether a city can be chosen as a green traffic pilot city does not rely on the city itself, it mostly depends on whether this city is included in the state planning. So the program is exogenous, which is mean-independent of the error term.



When the two assumptions are satisfied, we can estimate the parameters using the ordinary least square (OLS). However, we choose the cities that are geographically close to the pilot cities as the control group. This method is associated with one problem, namely, that the error term could exhibit spatial correlation. So in the estimation we use the block bootstrap method to construct standard errors in our model like Li and Laxminarayan [33]. According to Bertrand et al. [34], block bootstrap is most effective in dealing with serial correlation. Based on the long panel we need to test the disturbance term [image: there is no content]. We test the groupwise heteroskedasticity using the Wald Test [35], and the autocorrelation within panel using the Wald Test [36]. Also, the contemporaneous correlations is tested with the Breusch-Pagan LM Test [35]. Then the parameters can be consistently estimated using iterative feasible generalized least squares (FGLS).



Results show that the time effect is not significant when we estimate the effect of the program on the annual average concentration of [image: there is no content]. The results of [image: there is no content] and [image: there is no content] show that we cannot strongly reject the hypothesis that the fixed effects and time effects exist. So we estimate the effect of the green traffic pilot cities program on air quality by specifying the DID method through the three following random effects models:


ln(SO2)it=βGi×Dt+λ1lnPOPit+λ2lnGDPit+λ3lnPVit+λ4lnFVit+λ5lnBUSit+λ6lnTAXIit+λ7lnCVit+ui+ϵit



(2)






ln(NO2)it=βGi×Dt+λ1lnPOPit+λ2lnGDPit+λ3lnPVit+λ4lnFVit+λ5lnBUSit+λ6lnTAXIit+λ7lnCVit+ui+ηt+ϵit



(3)






ln(PM10)it=βGi×Dt+λ1lnPOPit+λ2lnGDPit+λ3lnPVit+λ4lnFVit+λ5lnBUSit+λ6lnTAXIit+λ7lnCVit+ui+ηt+ϵit



(4)




where [image: there is no content], [image: there is no content] and [image: there is no content] index the annual average concentration of [image: there is no content], [image: there is no content] and [image: there is no content] in city i in year t, respectively. Other variables and parameters are the same as in Equation (1).




4. Results and Discussion


Firstly, we test the assumption of parallel trends through the time-tendency graph. Figure 1 shows the annual concentration of [image: there is no content], [image: there is no content] and [image: there is no content] for the treatment and control groups during the preintervention time. In all panels, the changes in concentration of each pollutant for the treatment group are depicted by the solid lines, and the dotted lines are for the control group. Figure 1 denotes that the trends in the two groups appear to be stable over time.


Figure 1. Annual concentration of pollutants in treatment and control groups, 2004–2010.



[image: Sustainability 09 01067 g001]






In the following, a test is made for the presence of groupwise heteroskedasticity, autocorrelation within panel and cross-sectional correlation because of the long panel data we used in the [image: there is no content], [image: there is no content] and [image: there is no content] functions, respectively. A summary of the various test results is reported in Table 3. The three functions are found to be heteroskedastic and auto-correlative, and are significant at the 5% or lower probability level.



Table 3. Summary of the Test for Heteroskedasticity and Autocorrelation.







	

	
Test for Groupwise Heteroskedasticity a

	
Test for Autocorrelation b

	
Test for Cross-Sectional Correlation c






	
[image: there is no content] function

	
35.17 ***

	
15.939 ***

	
81.158 ***




	
(Found)

	
(Found)

	
(Found)




	
[image: there is no content] function

	
321.91 ***

	
14.111 ***

	
45.947




	
(Found)

	
(Found)

	
(Not Found)




	
[image: there is no content] function

	
45.8 ***

	
21.491 ***

	
53.309 **




	
(Found)

	
(Found)

	
(Found)








a Modified Wald test for groupwise heteroskedasticity; b Wooldridge test for autocorrelation in panel data; c Breusch-Pagan LM test of independence; **, *** denote the significance at 5% and 1% level, respectively.








We use the iterative feasible generalized least squares (FGLS) to estimate the parameters. Table 4 presents parameters estimated through the DID method and their standard errors in parentheses from block bootstrap. The dependent variables are the annual average concentration of three pollutants in different cities, namely, [image: there is no content], [image: there is no content] and [image: there is no content], in their logarithm form. The main variables of [image: there is no content] and [image: there is no content] are dummy variables that are equal to one if the city is a pilot city and the year is 2011 or after 2011. Other variables are chosen as control covariates.



Table 4. Estimation results of the baseline difference-in-differences model.







	
Variable

	
ln[image: there is no content]

	
ln[image: there is no content]

	
ln[image: there is no content]






	
[image: there is no content]

	
−0.1071 **

	
−0.1126 ***

	
−0.0985 ***




	
(0.0494)

	
(0.0196)

	
(0.0167)




	
ln[image: there is no content]

	
0.7094 ***

	
0.5468 ***

	
0.6537 ***




	
(0.0625)

	
(0.996)

	
(0.0719)




	
ln[image: there is no content]

	
0.2161 ***

	
0.4617 ***

	
−0.3392 ***




	
(0.0476)

	
(0.0449)

	
(0.0198)




	
ln[image: there is no content]

	
0.0212

	
−0.0641 ***

	
−0.1059 ***




	
(0.0173)

	
(0.0102)

	
(0.0134)




	
ln[image: there is no content]

	
−0.1441 ***

	
−0.2041 ***

	
−0.0006




	
(0.0503)

	
(0.0278)

	
(0.0110)




	
ln[image: there is no content]

	
−0.2313 ***

	
−0.3829 ***

	
−0.4811 ***




	
(0.0542)

	
(0.0392)

	
(0.0475)




	
ln[image: there is no content]

	
−1.0759 ***

	
−0.5112 ***

	
0.0170




	
(0.0614)

	
(0.0501)

	
(0.0263)




	
ln[image: there is no content]

	
−0.2121 ***

	
-0.1959 ***

	
0.0623 ***




	
(0.0403)

	
(0.0131)

	
(0.0137)




	
Constant

	
13.3363 ***

	
9.7801 ***

	
7.2017 ***




	
(0.7675)

	
(0.7192)

	
(0.5274)




	
Fixed effects

	
Yes

	
Yes

	
Yes




	
Time effects

	
No

	
Yes

	
Yes








These are the results from the baseline model. The number of observations is 99 with 11 years. The standard errors in parenthesis are from block bootstrap where a block is a city. **, *** denote the significance at 5% and 1% level, respectively.








Firstly, from the coefficients estimated from the control covariates we can find that the increase in the population and GDP of a city would increase the concentration of [image: there is no content] and [image: there is no content]. These results are consistent with the reality. With the growing population and economic development, the travel demand of Chinese residents has seen a dramatic increase, causing a rapid growth of the vehicles’ stock, especially in cities. According to the National Bureau of Statistics of China, China’s passenger turnover has increased nearly 1.8 times over the past decade (in 2005 the number was 1746.67 billion passenger-kilometers (pkm), and it was 3009.74 billion pkm in 2014), resulting in serious polluted air emissions. Moreover, the results imply that the concentration of pollutants would decrease with the growing number of buses, taxies and civil vehicles. One reason for this may be that during the past several years the Chinese government has taken some actions to develop the green traffic. For example, the fuel economy standard for passenger vehicles has a mandatory increase in the constantly revised version. The R&D of new energy vehicles is endorsed with more government support. These policies and measures can make transport more efficient and cleaner.



More importantly, this paper focuses most on the effect of the program on the air quality of pilot cities. Regression results reveal a high and statistically significant correlation between the program of green traffic pilot cities and the concentration of pollutants in cities. The estimated parameters show that the program decreases the annual concentration of each pollutant. In pilot cities, the annual concentration of [image: there is no content] decreases by 10.71 percent after the implement of this pilot program (Table 4, column 1, significant at 5 percent). The annual concentration of [image: there is no content] also has a 11.26 percent decrease in pilot cities (column 2), which is significant at the 1% level. Moreover, the program reduces the concentration of [image: there is no content] by 9.85 percent (column 3, significant at 1 percent). These results suggest that the green traffic pilot cities program has a significant influence on the improvement of air quality, which decreases the annual concentration of pollutants, such as [image: there is no content], [image: there is no content] and [image: there is no content]. In addition, it is important to point out that in our model the dependent variables are the annual concentration of pollutants in the whole city, not the pollutants emission from the transport system of a city. Although it is not straightforward to test the effect on the pollutants emission of transport, we have reasons to believe that this green traffic program would decrease the harmful emissions from the transport system and has a noticeable effect on the air quality.




5. Conclusions


The air pollution resulting from transport has been a big challenge for China, particularly in urban areas. The harmful emissions have serious effect on residents’ health and hinder the sustainable development of the economy. The Chinese government has taken measures to solve this problem. The Ministry of Transport of China implemented 63 environmental protection pilot projects in transportation during the 12th five-year plan. This paper has used the green traffic pilot cities program as a quasi-natural experiment to examine whether the encouragement of construction of a green and low-carbon transport system can decrease the emission of pollutants, and improve the air quality through a difference-in-difference estimation strategy.



Our findings suggest that the pilot cities program has a strong and significant positive effect on air quality. Specifically, in pilot cities, the annual concentration of [image: there is no content], [image: there is no content] and [image: there is no content] decrease by 10.71 percent, 11.26 percent and 9.85 percent, respectively, after the implementation of the green pilot program. Although our data do not allow us to test the direct relationship between the program and the pollutants emissions from the transport, our results can still prove that the program has a noticeable influence on the emissions reduction of the transport system.



This paper is the first attempt to estimate the real effect of a specific green traffic policy on air quality using a difference-in-difference method. More importantly, our study offers an approach for policymakers to empirically estimate the actual effect of a specific green traffic policy. The results also imply that the program of green and low-carbon transport system construction can be popularized in other cities of China to mitigate air pollution. The green traffic pilot program is just one policy in the process of transformation and upgrading of the traffic industry in China. It is important and necessary for China to achieve the strategic target of the construct ecological civilization. The results of this paper show that the green traffic pilot is effective in improving air quality, which implies that government intervention has a positive influence on pollution prevention in the transport sector. Moreover, the green pilot project can be imitated in other industries to establish a green and low-carbon development model.



In this paper, we use the annual concentration of pollutants in each city to estimate the effect of the green traffic policy. As for the future work, further research can be conducted to estimate the effect on pollutants emissions and the emission intensity of transport.
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