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Abstract  

Light-duty gasoline vehicles (LDGVs) have made up more than 90% of vehicle fleets in China since 

2019, moreover, with a high annual growth rate (> 10%) since 2017. Hence, accurate estimates of air 

pollutant emissions of these fast-changing LDGVs are vital for air quality management, human 

healthcare, and ecological protection. However, this issue is poorly quantified due to insufficient 

reserves of timely updated LDGV emission factors, which are dependent on real-world activity 

levels. Here we constructed a big dataset of explicit emission profiles (e.g., emission factors and 

accumulated mileages) for 159,051 LDGVs based on an official I/M database by matching real-time 

traffic dynamics via real-world traffic monitoring (e.g., traffic volumes and speeds). Consequently, 

we provide robust evidence that the emission factors of these LDGVs follow a clear heavy-tailed 

distribution. The top 10% emitters contributed more than 60% to the total fleet emissions, while the 

bottom 50% contributed less than 10%. Such emission factors were effectively reduced by 75.7-86.2% 

as official emission standards upgraded gradually (i.e., from China 2 to China 5) within 13 years 

from 2004 to 2017. Nevertheless, such achievements would be offset once traffic congestion 

occurred. In the real world, the typical traffic congestions (i.e., vehicle speed < 5 km/h) can lead to 

emissions 5 ~ 9 times higher than those on non-congested roads (i.e., vehicle speed > 50 km/h). 

These empirical analyses enabled us to propose future traffic scenarios that could harmonize 

emission standards and traffic congestion. Practical approaches on vehicle emission controls under 

realistic conditions are proposed, which would provide new insights for future urban vehicle 

emission management. 

 

 

Keywords: On-road vehicle emissions; Traffic congestion; Light-duty gasoline vehicles; Real-world; 

Big data; Emission factors
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1. Introduction 

Tailpipe emissions of on-road vehicles have become a major source of urban air pollution in the 

past decade (Feng and Liao, 2016; Franco et al., 2013; Saliba et al., 2017; Wu et al., 2017). In 2020, 

emissions of carbon monoxide (CO), hydrocarbons (HC), and nitrogen oxides (NOx) from gasoline 

vehicles in China were 5.61 million tons, 1.34 million tons and 295 thousand tons, respectively, 

accounting for 80.9%, 77.6% and 4.8% of the total vehicle emissions, respectively(MEE, 2021). 

Light-duty gasoline vehicles (LDGVs) make up more than 90% of all vehicles in China and their 

population has been growing rapidly in recent years. Vehicle emissions change significantly in 

spatial-temporal variations, leading to varying and even opposite environmental effects (Davison et 

al., 2021; Deng et al., 2020; Liu et al., 2018; Saikawa et al., 2011; Sun et al., 2020; Wen et al., 2020). 

Thus, vehicle emission inventories play an important role in the management of air pollution and 

provide key inputs for air quality models.(Davison et al., 2021; Deng et al., 2020; Farren et al., 2020; 

Jing et al., 2016; Wen et al., 2020). However, it remains difficult to ensure the accuracy of vehicle 

emissions under realistic conditions. 

In order to improve the accuracy of total vehicle emissions, real-world vehicle emission factors 

are needed, but they are usually difficult to obtain (Deng et al., 2020). Various testing methods have 

been used in previous studies, such as the chassis dynamometer (Huang et al., 2017; Y. Huang et al., 

2020b), tunnel tests (Chang et al., 2016; Huang et al., 2017; Lawrence et al., 2016; Zhang et al., 

2018), and portable emission measurement systems (PEMS) (Cao et al., 2016; He et al., 2019; Mera 

et al., 2019; Yang et al., 2020; Yu et al., 2016). Different experiments vary in sample composition, 

sites, conditions, and equipment for test. Various trends, even opposite trends of how vehicle 

emission factors change with operating modes, are found in previously published studies. Three main 

different conclusions were obtained as summarized below. Some studies show that emission factors 

of CO, HC, and NOx decrease with the increase of driving speeds (Huang et al., 2020; Li et al., 2016), 

while some studies reveal that emission factors of CO decrease with the increase of driving speed 

when speeds are lower than 50 km/h and then increase with speed (Jing et al., 2016). However, other 

studies report that the HC and NOx emissions increase with speed when speeds are under 60 km/h 

and decrease as speeds exceed 60 km/h (Choudhary and Gokhale, 2016; Ko and Cho, 2006). Large 

differences in the vehicle emission characteristics will have an adverse impact on the accurate 

quantification of on-road vehicle emissions, failing to support the identification of target high 

emitters.  

The main cause of the huge differences in the results of previous studies has been associated 

with the large uncertainties in the test results and poor representativeness of test samples. Test 

samples were usually so limited (less than 200) that the test results obtained in previous studies could 

not statistically represent the emission levels of the whole fleet (Cao et al., 2016; He et al., 2019; 

Mera et al., 2019; Yang et al., 2020; Yu et al., 2016). Covering samples of all emission standards and 

vehicle manufacturers is the key to improving the accuracy of vehicle emission factors. Due to 

limited budgets or efforts, the design of sample sizes is usually determined on the basis of 

researchers’ experience and has not yet been derived systematically (Chen et al., 2019). Therefore, 

establishing the high precision vehicle emission inventory from a big data perspective is of vital 
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importance.  

The rapid increases of vehicle population have brought serious traffic congestion to megacities. 

It is generally believed that congestion will increase vehicle emissions, but how vehicle emissions 

change under different congestion conditions has not been accurately quantified in previous studies 

(Lu et al., 2021). Previous studies have reported the traffic congestion emissions from a limited 

number of vehicles and certain roads (i.e., one signalized intersection) (Alobaidi et al., 2020; 

Choudhary and Gokhale, 2019), but the real-world traffic congestion emissions for the typical urban 

road networks have rarely been reported. Ko et al. (2019) tested real-world driving emissions of a 

Euro-6 diesel vehicle and reported that NOx emissions under the heavy traffic conditions were 29% 

higher than those under smooth traffic conditions. Alobaidi et al. (2020) revealed a significant impact 

of the congestion on air pollution at intersections with 8-25% reductions achieved by optimizing 

cycle and phase times, and preventing vehicles from stopping near the signalized intersection. The 

main obstacle towards accurately quantifying traffic congestion emissions is mainly associated with 

the lack of high temporal and spatial resolution observations of on-road traffic monitoring data and 

real-time online vehicle emission calculation platforms.  

This study aims to study the current status of vehicle emissions in China from a big data 

perspective. A newly updated dataset of 159,051 light-duty gasoline vehicles from Xiaoshan District, 

Hangzhou, were used, believed to be the best available sample of real emissions to conduct an 

analysis. Vehicle-specific emission factors were calculated on the basis of the high-resolution big 

data of vehicle emission measurements. As a result, the high contributions from target high emitters 

and significant differences among different manufacturers were quantified. Real-time online traffic 

monitoring big data in Xiaoshan District provide strong support to quantify road vehicle exhaust 

emissions. Consequently, the hyper-fine maps of on-road vehicle emissions were obtained. Thus, 

environmental effects of traffic congestion and to what extent it will offset the benefits of emission 

standards upgrading were further illustrated. Finally, practical approaches to vehicle emission 

controls under realistic conditions were proposed, providing new insights for urban vehicle emission 

management. 

2. Material and Methods 

2.1 High-resolution measurements of vehicle emissions 

The 1 Hz measurements of vehicle emissions in 2018-2019 were obtained from the local official 

vehicle Inspect/Maintenance (I/M) dataset in Xiaoshan District. During the inspection processes, the 

emissions of each vehicle were tested under the legislative chassis dynamometer test cycle in the 

Vehicle Mass Analysis System (VMAS) for 195 seconds with a maximum speed of 50 km/h and an 

average speed of 19 km/h (MEE, 2018). High-resolution measurements of 159,051 vehicles were 

collected in this study with a total of 30 million records, including continuous second-by-second 

emission profiles for gaseous species (CO, HC, and NO) and simultaneous driving speeds. Note that 

the measurements of vehicle emissions are conducted under the requirements of national standard 

method (MEE, 2018) and the accuracies of measurements of CO, HC, and NO were 97%，97% and 
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96%, respectively. One example of test vehicles is shown in Fig. S1. The registration dates, 

accumulated mileages, emission standards, exhaust volumes and other information of each vehicle 

were also included the I/M dataset.  

This dataset covers vehicles of four different emission standards (i.e., China 2 to China 5), in 

which China 4 vehicles accounted for the highest proportion, making up two thirds of the total 

sample size, followed by China 3, China 5, and China 2 vehicles. The ages of vehicles ranged from 1 

to 22 years, with 65.7% vehicles in the range of 5-10 years old. Cumulative travel distances of these 

vehicles varied from 1~1000 thousand km. Table S1 gives the statistical summary of the information 

available in the dataset. The data quality controls of HC, CO, and NO concentrations in the processes 

of vehicle exhaust detection were carried out according to the technical standard for the emission 

tests of light gasoline vehicles in China (MEE, 2018). Constrained by the applicable environmental 

test conditions and measurement ranges of testing equipment, invalid pollutants concentration data 

were detected. The invalid data accounted for less than 0.01% of the whole dataset, which were 

eliminated in the process of data cleaning. The fleet composition is representative due to its coverage 

of wide ranges of vehicle ages, cumulative travel distances, and diverse manufacturers. When 

comparing with the mobile source environmental management annual report in China released by the 

Ministry of Ecological Environment in 2019 (MEE, 2019), it can be found that the fleet composition 

of gasoline vehicles was relatively comparable to the overall situation of the whole country (Fig. S2 

(a)). Similar trends in the contributions of pollutant emissions by different emission standards were 

also found in the results of this study and those released by the MEE (Fig. S2 (b)). Thus, the dataset 

used in this study is relatively representative in China. To the best of our knowledge, this huge 

dataset we obtained is highly representative compared with existing studies (Yang et al., 2020; Yu et 

al., 2016). 

Bootstrap-sampling based Monte-Carlo simulations were used to evaluate the stability of the 

annual inspection dataset, following the method of Chen et al. (2019). Sample sizes of 5, 10, 20, 30, 

50, 200, 500, 1000, 2000, 3000, 5000 were used to examine the statistical robustness of means and 

variances of the samples to estimate the population mean and variance. For each sample size, 1000 

times simulations were performed with replacement. The results (Fig. S3) show that the sample 

biases gradually decreased and the stability of samples increased with the increase of sample size, 

which indicated good stability of the big dataset in this study. Despite this, there are still some 

uncertainties in the measurements of pollutant concentrations, mainly from environment temperature, 

air pressure and other aspects. But these factors have relatively small influences and will not overturn 

the existing research results. 

 

2.2 Calculation of distance-specific emission factors  

The distance-specific emission factors of HC, CO, and NOx were calculated using the following 

equations (MEE, 2018) : 

Em = C×ρ×Q                   (1) 

EF =
∑𝐸𝑚

∑𝜈
                       (2) 

where C is the concentrations of pollutants (% for CO, and 10
-6

 for HC and NOx); ρ is the density of 
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pollutants, g/m
3
; Q is the flow rate of pollutants, m

3
/s; Em is the amount of pollutant emissions per 

second, g/s; ν is the equivalent driving distance of vehicles, km/s; EF is the distance-specific 

emission factors of pollutants, g/km. The densities of pollutants and exhaust flow are corrected to the 

standard state (273.15 K, 100 kPa). 

Tailpipe volume concentrations of HC, CO, and NOx measured from the analyzer are corrected 

on the basis of dilution and humidity correction factors (MEE, 2018): 

CHC(i) = RHC(i) ×DF(i)           (3) 

CCO(i) = RCO(i) ×DF(i)           (4) 

CNOx(i) = RNOx (i) ×DF(i)×kH(i)    (5) 

therein CHC(i) is the corrected HC concentration at the ith second, 10
-6

; CCO(i) is the corrected CO 

concentration at the ith second, %; CNOx(i) is the corrected NOx concentration at the ith second, 10
-6

; 

RHC(i) is the measured HC concentration at the ith second, 10
-6

; RCO(i) is the measured CO 

concentration at the ith second, %; RNOx(i) is the measured NOx concentration at the ith second, 10
-6

; 

DF(i) is the dilution factor at the ith second; kH(i) is the humidity correction factor at the ith second. 

The calculation of dilution factor is as follows (MEE, 2018):  

𝐷𝐹 =
𝐶𝐶𝑂2,𝐶

𝐶𝐶𝑂2,𝑀

                                         (6) 

𝐶𝐶𝑂2,𝐶 = [
𝑋

𝑎 + 1.88𝑋
] ⋅ 100               (7) 

𝑋 =
𝐶𝐶𝑂2,𝑀

𝐶𝐶𝑂2,𝑀 + 𝐶𝐶𝑂,𝑀
                            (8) 

 

Where: 𝐷𝐹 is the dilution factor; 𝐶𝐶𝑂2,𝐶 is the corrected value of measured CO2 concentration, %; 

𝐶𝐶𝑂2,𝑀  is the measured value of CO2 concentration, %; 𝐶𝐶𝑂,𝑀  is the measured value of CO 

concentration, %; 𝑎 is fuel calculation coefficient, which varies with fuel types (i.e., Gasoline - 

4.644; Compressed natural gas - 6.64; LPG - 5.39). When the calculated value of dilution factor is 

greater than 3.0, the dilution factor is set to be 3.0. 

 

2.3 Real-time detections of on-road vehicles 

Xiaoshan District is located in eastern Hangzhou, in the Yangtze River Delta in China (Fig. 1) 

with a population of over 2.01 million. In 2021, its annual GDP was 201.16 billion Yuan, ranking 

fourth among districts in Hangzhou. Equipped with an international airport, Xiaoshan District has 

become an important transportation center of Zhejiang province with densely distributed road 

networks (i.e.,1953.7 km within 1417.8 km
2
). This implies that the on-road vehicle emissions play a 

crucial role in affecting local fine-scale air quality and public health.  

Xiaoshan District is at the forefront of the country in the digital transformation and upgrading of 

the government. It is one of the few areas that have achieved full coverage of integrated traffic 

monitoring, and has been interconnected through its intelligent transportation system (called "city 
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brain") since 2017 (Hua, 2018). This provide the opportunity to obtain detailed road traffic and road 

network information. According to 2021 China Urban Transportation Report released by Baidu Map 

(Baidu Map, 2021), the congestion index during rush hours of Hangzhou ranks top 9 among cities 

with more than 3 million motor vehicles. As the transportation hub of Hangzhou, Xiaoshan District, 

with dense road network, its speed and traffic flow distribution characteristics can well represent the 

traffic conditions of large cities. Equipped with real-time online traffic monitoring facilities, the core 

road network in Xiaoshan District is divided into 4,585 road segments. Traffic video records, 

together with image recognition algorithms (Redmon et al., 2016), were applied to detect vehicle 

license plates and thus monitor traffic fluxes, vehicle categories and driving speeds. These license 

plate recognition (LPR) data include the records of traffic fluxes and vehicle-specific speeds of 

on-road vehicles in Xiaoshan District. The average daily detection records were 4.23 million. As a 

result, we constructed a dataset of total 1.53 ×10
9
 records from 1 January 2021 to 31 December 

2021. 

2.4 Mapping of on-road vehicle emissions 

A hyperfine-resolution bottom-up model was used to calculate the on-road vehicle emissions in 

Xiaoshan District, following the method of Jiang et al. (2021). Hourly observations of surface 

temperature and humidity were used to reflect local meteorological conditions. Meteorological 

observations came from two sets of real-time online remote sensing monitoring equipment in 

Xiaoshan District. The information of these remote sensing equipment was introduced in detail in our 

previous study (Xia et al., 2022). Real-time emissions were quantified on the basis of the vehicle 

emission factors, driving speeds, traffic fluxes, and the length of road segments: 

𝐸ℎ,𝑗,𝑙 = ∑ 𝐸𝐹𝑗(𝜈)

𝑡

× 𝑇𝐹ℎ,𝑙 × 𝐿𝑙          (9) 

Eh,j,l is the emission of pollutant j on the road segment l at hour h (g/h). EFj(v) is the emission factor of 

the pollutant j at the speed v (g/km), which is derived from local vehicle I/M dataset. TFh,l is the 

traffic fluxes on the road segment l at hour h (vehicle/h), which comes from the real-time integrated 

traffic monitoring system. Ll is the length of the road segment l (km), which is quantified on the basis 

of the geographic coordinates of each traffic monitoring station. 

Equations 1-8 are the calculation methods mentioned in the measurement standard required by 

the Ministry of Ecological Environment (MEE, 2018). The Equation 9 is widely used in the 

quantification of on-road vehicle emissions in China (Wu et al., 2020; Zhang et al., 2016), which also 

has application cases in Hangzhou (Jiang et al., 2021; Pu et al., 2015). Thus, the Equations 1-9 are 

well applicable for the calculation of vehicle emissions in Hangzhou. 

 

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



 

8 

 

3. Results and discussion  

3.1 Sharp decreases in the LDGV emissions caused by the upgrading emission standards 

    China’s vehicle emissions are highly heterogeneous(Deng et al., 2020). Continuous upgrading 

of vehicle emission standards has resulted in on-road vehicle fleets consisting of at least three 

emission levels (Deng et al., 2020), thus challenging the accurate estimation of emission 

characteristics of vehicles. Currently, the most widely used vehicle emission factor dataset is based 

on the technical guidelines on emission inventory (GEI) released by the Ministry of Ecology and 

Environment of the People's Republic of China (MEE) in 2014 (MEE, 2014), with testing speeds of 

30-35 km/h. In order to eliminate the influences of working conditions on emission factors, we 

selected vehicle data with the same driving speeds from the annual inspection dataset to derive 

corresponding vehicle emission factors. Fig. 2 (a) illustrates the differences between our results and 

those released by the MEE.  

    Similar reductions in the emission factors of CO, HC, and NOx were observed with the 

upgrading of emission standards. On the whole, with the continuous upgrading of emission standards 

for light-duty gasoline vehicles, the emission factors decreased significantly. Slight differences were 

found in the reduction rates between our results and the MEE guidelines. In the process of upgrading 

from China 2 to China 5, it was found that the emission factors of CO, HC, and NOx decreased by 

75.7%, 70.7% and 86.2%, respectively. In contrast, CO, HC, and NOx decreased by 81.7%, 82.2% 

and 94.8%, respectively, as reported in the MEE dataset. The reductions of emission factors obtained 

in this study were not as significant as those in the MEE dataset. The CO and NOx emission factors 

obtained in this study were significantly higher than the MEE results, by 18 -69% for CO and 37-261% 

for NOx. However, the HC emission factors in this study were 20-52% lower than the MEE results. 

One possible reason might be that the test samples used in this study traveled longer distance and 

aged older than those in the MEE results, since the vehicle engines, catalysts and the particle filters 

deteriorated gradually with the vehicle’s ages (Chen and Borken-Kleefeld, 2016). 

    According to the local vehicle annual inspection dataset, vehicles from 88 manufacturers were 

involved. The top five manufacturers in terms of vehicle population were Shanghai Volkswagen, 

Shanghai Automotive Industry Corporation (SAIC) General Motors, Beijing Hyundai, SAIC-GM 

Wuling, and Dongfeng Nissan, accounting for 45% of the total population. Fig. 2(b) shows the 

vehicle emission factors of these five manufactures and the average vehicle emission factors of all 

vehicles in our dataset as a function of model years. It can be found that the average vehicle emission 

factors of all vehicles decreased sharply and converged gradually as model years increased. The 

average emission factors of CO, HC, and NOx from 1998 to 2019 decreased by 93.5%, 90.6%, and 

95.8%, respectively. Similar trends were also found for these five manufactures with decreases of the 

vehicle emission factors of CO, HC, and NOx by 74.5-96.9%, 67.1-98.2%, and 87.8-98.6%, 

respectively. Among them, the decline trends of Shanghai Volkswagen vehicles were the most 

significant with the decreases of emission factors of CO, HC, and NOx all by more than 96%. 
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3.2 Extremely high contributions to pollutant emissions from the 10% high-emitters 

Overall, the on-road vehicle emission intensities of CO, HC, and NOx varied with seasons (Fig. 

S4). The hourly average on-road HC emission intensities varied from 10.3-14.2 g/km, with emissions 

in winter significantly higher than spring and summer. Similar trends were also found in the emission 

intensities of NOx, with hourly emissions in winter 17% higher than in spring and summer. However, 

the emission intensities of CO peaked in autumn, which were around 15% higher than those in spring. 

The variations in HC emissions are attributed to seasonal changes of fuel composition. To meet fuel 

vapor pressure requirements, refineries usually replace lighter compounds (such as butane) used in 

the winter with lower volatility alkanes and aromatic compounds (such as toluene) in the summer. 

The seasonal variations of vehicle emission characteristics in this study are similar to those of Wang 

et al. (Wang et al., 2018). 

Light-duty gasoline vehicles make up the largest share (more than 90%) of all vehicles and are 

growing the fastest in China (Huang et al., 2017). Thus, enhancing the supervision and management 

of high emitters is of vital importance. As presented in Fig. 3, our results also show that the 

distribution curves of CO, HC, and NOx emission factors have an obvious long tail, indicating that 

they were mainly concentrated in the low-value part. CO emission factors of 73.2% vehicles were 

lower than 2 g/km, with only 5.4% larger than 8 g/km. At the same time, vehicles with HC emission 

factors lower than 0.1 g/km made up 67.8% of the total vehicles. Similarly, around 62.9% of vehicles 

had NOx emission factors below 0.1 g/km. This highly skewed distribution patterns of CO, HC, and 

NOx emissions were consistent with previous studies (Bishop and Haugen, 2018; Huang et al., 2018a, 

2018b). Many factors account for this kind of distribution, such as large differences among vehicles 

of different emission standards, manufacturers, vehicle ages and accumulated mileages, which will 

be discussed in detail later. 

    Further, we quantified the emission contributions of the high-emitters from a vehicle-specific 

emission perspective. The annual emissions of each vehicle were calculated on the basis of the 

vehicle-specific emission factors and the annual distance traveled. The emissions of all the vehicles 

were summed into annual total fleet emissions and we defined the 10% high-emitters as the vehicles 

with annual emissions ranking at the top 10% of the total fleet. Extremely high contributions from 

the 10% high-emitters were observed in CO, HC, and NOx. The results (Table 1) show that the 10% 

high-emitters contributed more than 63-73% of the total fleet emissions (Scenario M1), while the 50% 

cleanest vehicles only accounted for less than 3-7% of the total fleet emissions. Our findings are 

similar to those of Beaton et al.(1995), while the portions of NOx were significantly higher than those 

of Huang et al. (2020b). Since we were unable to obtain the real-time activity trajectories of high 

emission vehicles, this may lead to non-negligible errors in the calculations of annual emissions. 

Therefore, we designed another four different mileage scenarios (M2~M5) to analyze the emission 

proportions of the 10% high emitters. Surprisingly, even at the lowest activity level (M5), the 

emission contributions of the 10% high emitters were still higher in the cases of CO and NOx or 

close in the case of HC relative to the 50% cleanest vehicles.  

    On this basis, the spatial distributions of vehicle emissions from the 10% high emitters were 

depicted in detail (Fig. 4, Figs. S5~S6). Scenarios M1~5 and M6~10 represented vehicle emissions 

during rush hours and off-peak hours, respectively, with the accumulated mileages of the 10% high 
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emitters corresponding to M1~M5 in Table 1. It was found that the emissions of the target high 

emitters decreased sharply from M1 to M5, or M6 to M10. Thus, strict restrictions on the travels of 

these high emitters can effectively reduce road vehicle emissions, implying that accelerating clean 

substitution of these high emitters will be a feasible approach. As shown in Fig. S7, pre-China 3 

vehicles made up around 50% of these 10% high emitters. We designed four different clean 

alternative scenarios for these 10% high emitters and quantified expected pollutant emission 

reductions (Table S2). Scenario R1 focused on the China 2 high emitters only, while the scenarios 

R2-R4 focused on both China 2 and China 3 high emitters. Under the R1 scenario, pollutant 

emissions were only reduced by 13-17%. On this basis, if the China 3 high emitters were further 

replaced in S2, the reductions in pollutant emissions in S2 were increased to 30-34%. The R1 and R2 

scenarios only considered China 5 vehicles as alternative targets, while R3 and R4 scenarios also 

took vehicle electrifications into consideration. With strict controls of pre-China 3 high emitters, the 

R4 scenario achieved the highest reductions in pollutant emissions (36-41%). 

 

3.3 Huge differences among the emissions for different vehicle manufacturers 

    Manufacturer-level vehicle emissions were accurately quantified in this study based on 

manufacturers with vehicle ownerships greater than 15. A total of 133,851 vehicles produced by 68 

manufacturers were included in this analysis. The emission factors of the 10 cleanest manufacturers 

and the 10 manufacturers with the highest emissions are shown in Fig. 5a. It was found that the 

emission factors of vehicles produced by different manufacturers might vary as highly as ten times. 

The vehicles with high CO emissions, such as Zhongshun, Shuguang and Beijing Jeep, had average 

emission factors of 10.79~19.41 g/km. However, the vehicles like Chang'an Mazda, Guangzhou Fiat 

and Chang'an Ford had average CO emission factors of only 0.44-0.62 g/km. The top three 

manufacturers with the highest HC emissions were Zhongshun (1.47 g/km), Shuguang (0.84 g/km) 

and Shuangbei (0.74 g/km), and the three manufacturers with the lowest emissions were Chang'an 

Volvo (0.05 g/km), Dongfeng Honda (0.04 g/km), and Chang'an Mazda (0.04 g/km). The 

manufacturers with the highest NOx emission level were Shuguang automobile, First Automobile 

Works Light and Fudi, with average emission factors of 2.22, 2.07 and 1.66 g/km, respectively. The 

lowest NOx emission levels were found in Chang'an Mazda, Dongfeng Honda and Fujian Benz, with 

average emission factors of 0.05, 0.04 and 0.04 g/km, respectively. Vehicles produced by 

manufactures like Shuguang, First Automobile Works Light, Fudi, Zhongshun, Guangzhou 

Automoblie Changfeng have relatively higher emissions than other manufactures. In contrast, 

vehicles produced by manufactures like Dongfeng Honda, Chang'an Mazda, Chang'an Volvo, 

Chang'an Ford, Shanghai Automotive Industry Corporation (SAIC) General Motors have relatively 

lower emissions.  

    Significant differences were also observed in the deterioration trends of vehicle emission factors 

among different types of vehicles. As shown in Fig. 5(b-c), vehicles produced by Shanghai 

Volkswagen show the fastest deterioration rate of emission factors. In contrast, those produced by 

SAIC General Motors and FAW Volkswagen (Audi) had relatively slower deterioration rates. The 

deterioration trends of emission factors with driving mileages can be well fitted by linear equations 

(Fig. 5b, Table S3), with R
2 

in the range of 0.349~0.952. The deterioration trends of emission factors 
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with vehicle ages can be well fitted by polynomial equations (Fig. 5c, Table S4), with R
2 

in the range 

of 0.367~0.986. Overall, when the vehicle ages were less than 10 years, the degradation rates of 

emission factors were relatively slow (0.018~0.066 g/km per year). However, when the vehicle ages 

were more than 10 years, the degradation rates accelerated significantly (0.055~0.191 g/km per 

year). 

    Different manufacturers have significant differences in engine models, and exhaust gas 

treatment equipment, resulting in large differences in vehicle emission factors (Bernard et al., 2018; 

Davison et al., 2021; Mera et al., 2019). In the future, strengthening the supervision of high emission 

manufacturers will be an effective method to reduce vehicle emissions. Publishing the quantitative 

emission factor reports of different manufacturers on a regular basis may be an effective way to urge 

high-emission manufacturers to make rectifications. The government can consider giving some 

subsidies to vehicle enterprises using more effective exhaust treatment devices, and encourage 

enterprises to develop more effective exhaust treatment technologies to further reduce vehicle 

emissions. 

 

3.4 Unexpected high emissions under the slow driving conditions  

    Vehicle emissions vary with instantaneous driving conditions (Fu et al., 2012; Y. Huang et al., 

2020b; Mera et al., 2019; Yang et al., 2016; Zhang et al., 2020). To investigate how vehicle emissions 

vary under the different working conditions, emission factors of CO, HC, and NOx were divided into 

11 groups according to driving speeds. Slow driving conditions, normal urban driving conditions and 

high-speed driving conditions were defined as driving with speeds of 0-5 km/h, 30-35 km/h and 

larger than 50 km/h, respectively (Feng et al., 2020; Fu et al., 2012; Kumar et al., 2015). As 

presented in Fig. 6(a), unexpected high emissions under the idling conditions were found in vehicles 

of all emission standards. Emission factors of CO, HC, and NOx decreased sharply with the increase 

of vehicle speeds. The emission factors of CO, HC, and NOx were the highest under the slow driving 

conditions, with average values of 8.35, 0.44, and 0.71 g/km, respectively. When speeds were lower 

than 5 km/h, the average emission factors of CO, HC, and NOx were extremely high under the 

normal urban driving conditions with the values of 1.48, 0.07, and 0.19 g/km, respectively. Under the 

high-speed driving conditions, the average emission factors of CO, HC, and NOx were 1.01, 0.05, 

and 0.14 g/km, respectively. In summary, the emission factors of CO, HC, and NOx under the slow 

driving conditions were 5-9 times higher than under the high-speed conditions (> 50 km/h) and 3-6 

times higher than under the normal urban driving conditions. Emission factors under the slow driving 

conditions were significantly higher than previous studies (Huang et al., 2020a; Wang et al., 2017). 

One of the possible reasons might be that the emission data of second by second used in this study 

can better capture the ultra-high emissions at low speeds or even idling speeds. In contrast with the 

significant reductions under the high speed driving conditions (69-87%), relatively smaller (69-79%) 

reductions were found under the slow driving conditions when vehicle emission standards upgraded 

from China 2 to China 5. This implies that more technological innovations are needed to support the 

emission reductions of slow driving conditions.  

    Traffic congestion frequently occurs due to the rapid increases in vehicle population, especially 

in megacities. On this occasion, vehicles may leave the engine idling for several minutes or longer, 
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which leads to massive emissions (Feng et al., 2020; Sentoff et al., 2010; Shancita et al., 2014; Zhang 

et al., 2020). Lab measurements showed that the low-speed vehicles produced much higher 

emissions. Real-world traffic observations allowed us to know where the low-speed motor vehicles 

were usually distributed and how many emissions they produced. On-road vehicle emissions under 

the low-speed driving and high-speed driving conditions can be further quantified so as to reveal the 

significant impact of traffic congestion on the urban vehicle emissions, which so far has no 

observational evidence. As shown in Fig. 6(b-c), observed traffic congested roads were widespread, 

mainly distributed in the Airport Highway and the arterial roads. These road segments accounted for 

around 20% of the whole roads.  

To investigate the environmental effects of traffic congestion, six different traffic congestion 

scenarios and three fleet composition scenarios were designed (Fig. S8, Tables S5~S6). Traffic 

congestion scenarios S2 and S5 represented the traffic states under the actual conditions of rush 

hours (from 07:00 to 09:00 and from 16:30 to 18:30 local time) and off-peak hours (from 9:00 to 

16:30 and from 18:30 to 7:00 local time), respectively. On this basis, two smooth traffic (all 

speeds >25km/h) scenarios (S1 and S4) and two severe congested scenarios (S3 and S6) were 

designed to represent different traffic conditions. Fleet composition scenario F0 was designed based 

on the local official vehicle Inspect/Maintenance (I/M) dataset, representing the current composition 

of road vehicles. On this basis, F1 and F2 scenarios were designed by considering the upgrading of 

emission standards and the increasing proportion of electric vehicles, respectively. Combining traffic 

congestion scenarios S1~S6 and fleet composition scenarios F0~F3, a total of 18 scenarios were 

studied (Table 2 and Table 3). For example, scenario S2F0 quantified the vehicle emissions when the 

traffic condition is S2 and the fleet composition is F0, which represents the current rush-hour traffic 

condition and current on-road fleet compositions. Similarly, scenario S5F0 quantified the vehicle 

emissions when the traffic condition is S5 and the fleet composition is F0, which represents the 

current traffic condition during off-peak hours and current on-road fleet compositions. In the 

subsequent comparison, scenarios S2F0 and S5F0 were used as the benchmark scenarios for rush 

hour and off-peak hours, respectively. Overall, our results show that under the ideal situations of no 

traffic congestion (i.e., S1 and S4), the emissions of CO, HC, and NOx will be significantly reduced 

with the continuous upgrading of fleet composition (from F0 to F2). However, the impacts of traffic 

congestion will offset the benefits of fleet upgrading under the conditions of realistic traffic (i.e., S2 

and S5) and more serious traffic congestion (S3 and S6).  

The quantitative results of traffic congestion scenarios show that during the rush hours, if the 

traffic congestion were effectively alleviated (S1F0), the hourly emissions of CO, HC, and NOx 

could be reduced by -19.4%, -28.4%, and -12.4%, respectively. If superimposed upgrading of fleet 

composition (S1F2), a reduction of around 50% in CO, HC, and NOx emissions was observed. In 

contrast, if the traffic congestion were aggravated (S3F0), this increased CO, HC, and NOx emissions 

by 16.4%, 21.4%, and 10.1%, respectively (Fig. 7, Figs. S9~S10, Table 2). Increasing traffic 

congestion completely offset the reductions of pollutants achieved by emission standard upgrading, 

and even increased on-road vehicle emissions instead (see S1F2, S2F2, S3F2 in Table 2). Similarly, 

if the traffic congestion were effectively alleviated (S4F0) during the off-peak hours, the hourly 

emissions of CO, HC, and NOx could be reduced by -14.2%, -21.4%, and -9.6%, respectively, but 

increased by 7.8%, 11.4%, and 5.2% if the congestions were aggravated (S6F0) (Figs. S11~S13, 
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Table 3). Note that, in the southern areas of the district, the emission intensities in the arterial and 

residential streets far exceeded (~ 5 times) those in the northern areas (Fig. 7, Fig. S11). These high 

emission hotspots were mainly attributed to the high traffic fluxes and low traffic speeds.  Frequent 

traffic congestion, accelerations and decelerations led to significant increases in vehicles’ fuel 

consumption. Thus, better traffic management policies should be applied to reduce vehicles’ energy 

consumption and mitigate pollutant emissions as well (W. Huang et al., 2020). 

 

3.5 Emission profiles under the different operating modes 

    To evaluate the effects of driving conditions on vehicle emissions, we quantified vehicle 

emissions under 11 speed bins. Very different trends were observed in the variations of different 

pollutants with the changes of operating modes (Fig. 8). The unqualified vehicles (those failed in the 

annual inspection due to over high emissions), made up 7.6% of the total 159,051 vehicles. As shown 

in Fig. 8, HC was not sensitive to the changes in operating modes, while NO showed good 

correlations with driving speeds. Slight variations were observed in CO concentrations with the 

increase of speeds. Comparisons of qualified and unqualified vehicles indicate that the exhaust 

concentrations of unqualified vehicles were higher than qualified vehicles by a factor of 5-9 in (Fig. 

8(a). 

    Both qualified and unqualified vehicles show slight increases in CO concentrations as the 

driving speed increased gradually. The CO concentrations of qualified and unqualified vehicles 

increased by 17.2% (from 7.8% to 9.1%) and 24.6% (from 67.5% to 84.1%), respectively. In contrast, 

HC concentrations of unqualified vehicles exhibited a slightly descending trend while those of 

qualified vehicles stayed relatively stable when the driving speeds increased. The HC concentrations 

of qualified and unqualified vehicles decreased by 16.0% (from 124.50 to 104.56 ppm) and 6.7% 

(from 22.50 to 21.00 ppm), respectively. What is striking in this figure is that NO concentrations of 

unqualified vehicles showed a strong positive correlation with driving speeds. As the vehicle driving 

speeds increased, the NO concentrations of unqualified vehicles increased sharply, with a maximum 

concentration of 866 ppm in the speed bin of 45-50 km/h, being four times higher than during the 0-5 

km/h speed bin. Similarly, NO concentrations of qualified vehicles increased considerably with 

driving speeds with the maximum concentration of 107 ppm obtained in the speed bin of 45-50 km/h, 

being three times higher than those in the 0-5 km/h speed bin (34 ppm). 

4. Conclusions 

Based on the newly updated big data of high-resolution vehicle emission profiles, the emission 

characteristics of light gasoline vehicles were analyzed in this study. The extent to which pollutant 

emission factors varied with different emission standards, vehicle manufactures and operating modes 

were illustrated in detail. The significant influence of traffic congestion on vehicle emissions was 

addressed with the support of the real-time on-road traffic monitoring system in Xiaoshan District. 

Additionally, several approaches to reducing on-road vehicle emissions under realistic conditions 

were proposed from a big data perspective. The results showed that the emissions of LDGVs in 
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China have decreased significantly (75.7-86.2%) with the continuous upgrading of emission 

standards (i.e., from China 2 to China 5) in the past 13 years. Heavy-tailed distributions were found 

in CO, HC, and NOx emission factors. The results showed that the 10% high emitters contributed 

more than 60% to the total fleet emissions, significantly higher than previous studies. In order to 

achieve greater emission reductions in the future, it is necessary to strengthen the gradual 

replacements of pre-China 3 vehicles, especially those in the 10% high emitters. Large differences 

were found in the emissions of vehicles produced by different manufacturers. It was found that the 

emission factors of the cleanest and most polluted vehicles produced by different manufacturers 

differed by 33-49 times. Therefore, in the future, the supervision of the high-emission manufacturers 

(i.e., requiring the improvement of exhaust treatment facilities) should be strengthened. Unexpected 

high emissions were found at the slow driving speeds (<5 km/h). Further spatial distribution analyses 

also showed extremely high emissions under traffic congestion conditions. Increasing traffic 

congestion completely offset the reduction of pollutants achieved by emission standards upgrading, 

and even increased on-road vehicle emissions instead. 

The implication of the present results of this study for other cities mainly lies in more refined 

and efficient management of vehicle emissions. To achieve effective reductions of vehicle emissions 

in the future, the following aspects should be strengthened: First, identify high-emission vehicles 

based on local I/M dataset and set specific restrictions on the activity areas or travel time for 

ultra-high emission vehicles; Second, enhance the supervision of vehicle manufacturers with 

extremely high emissions; Third, the cooperation between environmental protection and traffic 

command departments should be strengthened to achieve win-win goals, not only to alleviate traffic 

congestion, but also to reduce the emissions of air pollutants. 

    Due to the limited time span of the vehicle emissions dataset, the interannual variation 

characteristics of emissions of the high emitters cannot be further analyzed. Future research can fill 

this gap to explore more suitable cleaning alternative cycles for the high emitters. This study has 

investigated the contributions of the 10% high emitters to the total fleet emissions, but the travel 

behavior and typical activity trajectories of these high emitters still need to be explored. In the 

follow-up research, the driving trajectories and hot spots of high emission vehicles can be obtained 

based on the accurate matching of vehicle-specific emission factors and vehicle-specific activity data, 

so as to provide more effective support for the managements and controls of target high emission 

vehicles. The analysis of environmental impacts of traffic congestion reveals the importance of 

traffic congestion controls on air pollutant reductions. Existing on-road vehicle emission models (i.e., 

IVE and COPERT (Choudhary and Gokhale, 2019)) usually lack considerations of traffic congestion 

when calculating on-road emissions, so it can be optimized in future research to better reflect the 

realistic on-road emissions.  
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Fig. 1. Comprehensive traffic monitoring network in Xiaoshan District. (a) Xiaoshan District (the red 

area) is located in the hinterland of the YRD in China. (b) Comprehensive traffic monitoring 

achieves full coverage over Xiaoshan District. Each dot represents a set of comprehensive traffic 

monitoring facilities that can recognize license plates, traffic fluxes, vehicle-specific speed, and 

vehicle categories. The entire road network over Xiaoshan District is divided into 4,585 road 

segments. Such road segments are divided into three road classes: highways (blue lines), arterial 

roads (pink lines), and residential streets (green lines). Map data © 2022, Gaode Map. 

 

Fig. 2. (a) The average emission factors of CO, HC and NOx in this study and those released by the 

Ministry of Ecology and Environment of the People's Republic of China (MEE) in 2014, stratified by 

vehicle emission standards. The error bars represent the 95% confidence intervals. (b) Variations of 

emission factors of vehicles produced by five representative manufactures as a function of vehicle 

model years. The red lines represent the mean emission factors of vehicles from the 88 manufactures.  

 

Fig. 3. (a) Distribution of HC, CO and NOx emission factors in the total vehicle fleet. (b) Probability 

density distribution of HC, CO and NOx emission factors, stratified by vehicle emission standards. 

 

Fig. 4. Hourly average on-road vehicle emission intensities of the 10% high emitters under different 

congestion scenarios during rush hours (from 07:00 to 09:00 and from 16:30 to 18:30 local time). 

 

Fig. 5. Differences between different vehicle manufactures. (a) Vehicle emission factors of 10 

manufacturers with the highest and 10 manufacturers with the lowest emissions. The size of bubbles 

is directly proportional to the logarithm of car ownership. (b) Deterioration trends of emission factors 

with the increase of accumulated mileage. (c) Deterioration trends of emission factors with the 

increase of vehicle age. 

 

Fig. 6. (a) Vehicle emission factors under different driving speeds. (b) Spatial distribution of hourly 

average on-road vehicle driving speeds (in km/h) during rush hours (from 07:00 to 09:00 and from 

16:30 to 18:30 local time). (c) Spatial distribution of hourly average on-road vehicle driving speeds 

(in km/h) during off-peak hours (from 9:00 to 16:30 and from 18:30 to 7:00 local time). (d) Spatial 

distribution of hourly average traffic fluxes during rush hours (from 07:00 to 09:00 and from 16:30 

to 18:30 local time). (e) Spatial distribution of hourly average traffic fluxes during off-peak hours 

(from 9:00 to 16:30 and from 18:30 to 7:00 local time). 

 

Fig. 7. Hourly average on-road vehicle emission intensities under different congestion scenarios 

during rush hours (from 07:00 to 09:00 and from 16:30 to 18:30 local time). 

 

Fig. 8. The comparison of vehicle emissions between qualified and unqualified vehicles, including 

104,548 qualified vehicles and 7,363 unqualified vehicles. Mean values and 95% confidence 

intervals are shown in the inset.  
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Figure 3 
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Figure 5 
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Figure 6 
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Table 1 Emission contributions of the 10% high emitters and the cleanest 50% emitters to the 

total fleet emission. 

  

Scenarios 

Activity level of 

the  

10% high emitters 

Pollutants 

Annual 

emissions 

of all 

vehicles(t) 

The 10% high emitters 
The cleanest 50% 

emitters 

Annual 

emissions (t) 

Contribution

（%） 

Annual 

emissions 

(t) 

Contribution

（%） 

M1 
Average annual 

mileage 

HC 381.7 241.0   63.1% 25.4 6.7% 

CO 7217.8 4859.6 67.3% 349.0 4.8% 

NOx 726.5 531.3 73.1% 22.9 3.2% 

M2 
Average annual 

mileage *0.7 

HC 309.4 168.7 54.5% 25.4 8.2% 

CO 5759.9 3401.7 59.1% 349.0 6.1% 

NOx 567.1 371.9 65.6% 22.9 4.0% 

M3 
Average annual 

mileage *0.5 

HC 261.2 120.5 46.1% 25.4 9.7% 

CO 4788.0 2429.8 50.7% 349.0 7.3% 

NOx 460.9 265.7 57.6% 22.9 5.0% 

M4 
Average annual 

mileage *0.3 

HC 213.0 72.3 33.9% 25.4 11.9% 

CO 3816.1 1457.9 38.2% 349.0 9.1% 

NOx 354.6 159.4 45.0% 22.9 6.5% 

M5 
Average annual 

mileage *0.1 

HC 164.8 24.1 14.6% 25.4 15.4% 

CO 2844.2 486.0 17.1% 349.0 12.3% 

NOx 248.3 53.1 21.4% 22.9 9.2% 
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Table 2 Scenarios during rush hours (from 07:00 to 09:00 and from 16:30 to 18:30 local time) 

and their relative percentage changes in on-road vehicle emissions compared to S2F0. 

Scenarios Traffic conditions Fleet compositions NOx CO HC 

S1F0 S1 F0 -12.4% -19.4% -28.4% 

S2F0 S2 F0 0 0 0 

S3F0 S3 F0 10.1% 16.4% 21.4% 

S1F1 S1 F1 -33.5% -36.3% -40.3% 

S2F1 S2 F1 -1.9% -3.0% -4.3% 

S3F1 S3 F1 6.7% 10.9% 13.8% 

S1F2 S1 F2 -51.9% -51.6% -50.3% 

S2F2 S2 F2 -3.7% -5.6% -8.1% 

S3F2 S3 F2 3.2% 5.9% 7.1% 
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Table 3 Scenarios during off-peak hours (from 9:00 to 16:30 and from 18:30 to 7:00 local time) 

and their relative percentage changes in on-road vehicle emissions compared to S5F0. 

Scenarios Traffic conditions Fleet compositions NOx CO HC 

S4F0 S4 F0 -9.6% -14.2% -21.4% 

S5F0 S5 F0 0 0 0 

S6F0 S6 F0 5.2% 7.8% 11.4% 

S4F1 S4 F1 -31.4% -32.2% -34.4% 

S5F1 S5 F1 -1.3% -1.9% -3.0% 

S6F1 S6 F1 3.3% 4.9% 6.8% 

S4F2 S4 F2 -50.3% -48.5% -45.4% 

S5F2 S5 F2 -2.9% -3.9% -5.9% 

S6F2 S6 F2 0.8% 1.8% 2.3% 
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Highlights  

 The 10% highest emitters contribute more than 60% to the total fleet emissions. 

 The emission factors of vehicles produced by different manufacturers differed by 33-49 times. 

 Without traffic congestion, the emissions of CO, HC, and NOx were reduced by 12~28%. 
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