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Abstract 1 

Non-exhaust PM2.5 emissions are often overlooked despite their increasingly significant 2 

contribution. Including non-exhaust emissions to establish a complete road emissions inventory is 3 

critical for formulating effective control strategies and reducing health risks especially during the 4 

fleet electrification process. This study developed a PM2.5 emission estimation framework 5 

incorporating exhaust and non-exhaust sources, validated by roadside PM2.5 concentrations from a 6 

mobile cruise sensing system in Cangzhou, China. The results found that traffic-related PM2.5 7 

concentrations contributing to roadside environments exhibit hourly variations, with an average 8 

proportion of 44.05%. Analysis of peak-hour PM2.5 emissions revealed the non-exhaust sources 9 

dominate (91.38%). Under scenarios with 35%, 50%, 75%, and 100% electrification rates, PM2.5 10 

emissions will decrease by 6.96%, 11.01%, 17.77%, and 24.53%, respectively, compared to the 11 

baseline. This study highlights that fleet electrification will not completely eliminate PM2.5 12 

emissions, and helps identify priorities and develop targeted emission control policies for medium-13 

sized populous cities in developing countries. 14 

 15 

Keywords: Emission modeling; Traffic-related PM2.5 emissions; Mobile monitoring system; Non-16 

exhaust emissions; Electric vehicles  17 
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1. Introduction 1 

PM2.5 has become a significant public health threat, listed among the top ten causes of 2 

premature mortality globally and accounting for over 60% of all air pollution-related deaths 3 

(Soleimani et al., 2022). The WHO reports that PM2.5 pollution leads to over 90% of the global 4 

population living above the safety threshold (10 g/m3). Recent urban PM2.5 source analyses have 5 

identified vehicular PM2.5 emissions as a major contributor, particularly in developing countries. 6 

Evidence from cities in developed countries, such as New York and Boston in USA and Hamburg 7 

in Germany, shows 16%, 25% and 18% contribution respectively (Masri et al., 2015; Masiol et al., 8 

2017; Ramacher et al., 2020). In cities in developing countries such as Shanghai, Beijing and 9 

Shenzhen in China and Delhi in India, the percentages are much higher at 39.8%, 45%, 41% and 10 

34.6% respectively (SZMEEB, 2015; Wang et al., 2016; BJMEEB, 2018; Philip K. Hopke, 2022; 11 

Zhang et al., 2024).  12 

Vehicle fleet electrification has become a pivotal strategy for mitigating such pollution and 13 

health impacts in developing countries, as exemplified by India's FAME-II initiative and China’s 14 

NEV Industry Development Plan (2021-2035). However, these policies predominantly target 15 

exhaust emissions, while overlooking non-exhaust PM2.5 emission sources including road dust 16 

resuspension, brake wear, tire wear, and road wear. These sources can impact water systems, the 17 

environment, and public health (Liu et al., 2022b), representing an emerging environmental 18 

challenge that requires urgent attention. Some research has confirmed that non-exhaust PM2.5 19 

emissions outweigh exhaust emissions and are becoming a key component of ambient particulate 20 

matter pollution (Amato et al., 2014; Matthaios et al., 2022). Moreover, PM2.5 non-exhaust 21 

emission factors exhibit vehicle load-dependency. Due to their additional battery weight, electric 22 

vehicles (EVs) tend to generate higher non-exhaust emission factors than their internal combustion 23 
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engine vehicles (ICEVs) counterparts (Liu et al., 2022a), and the proportion of PM2.5 originating 1 

from non-exhaust emissions will continue to rise (Timmers and Achten, 2016). This has raised 2 

concerns that the widespread use of EVs may not lead to a significant reduction in PM2.5 emissions 3 

or air quality benefits (Soret et al., 2014; Hooftman et al., 2018). Evidence from UK, Liu et al. 4 

(2024) projected a slight increase in total PM2.5 emissions by 2040 under the banning ICEV sales. 5 

Until recently, non-exhaust emissions have gained attention. The Euro 7 emission standards 6 

pioneer the regulatory initiative to establish controls on non-exhaust PM2.5 emissions, specifically 7 

encompassing particulate matter from both brake wear and tire wear. China's upcoming China Ⅶ 8 

emission standards are also planned to address non-exhaust PM2.5 emissions. Given that non-9 

exhaust emissions have not yet been widely prioritized and effectively regulated (Fussell et al., 10 

2022), conducting emission assessments under different EVs penetration scenarios is critical for 11 

informing the next phase of pollution control measures.  12 

Another challenge is that many countries rely on regulatory fixed-site measurements for 13 

ambient air quality monitoring, however, their coverages are often spatially sparse (Tian et al., 14 

2023) or even completely lacking in some developing countries (Apte et al., 2017) due to 15 

substantial costs. This limited monitoring coverage fails to capture the spatio-temporal variation 16 

characteristics of air pollution, and can lead to underestimation of roadside PM2.5 exposure levels 17 

and related health impacts (Yu et al., 2022). Moreover, there are increasing numbers of people, 18 

particularly vulnerable groups in developing countries, residing near roadsides and exposed to high 19 

level of pollution (Kendrick et al., 2015; Wang et al., 2025). Such land use changes can lead to 20 

increasing inequalities in pollution burdens and raise further environmental justice challenges, 21 

which highlights the need to develop a road network PM2.5 emissions estimation method as an 22 

alternative approach to address gaps in monitoring networks. 23 
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However, existing studies on quantifying road network PM2.5 emissions in developing 1 

countries are still relatively scarce, especially studies focusing on medium-sized cities, while such 2 

cities account for a significant proportion of the population and may develop faster than major 3 

urban agglomerations (Berdegué and Soloaga, 2018; J. Liu et al., 2024), playing an important role 4 

in reducing public health impacts and achieving environmental justice (Wang et al., 2025). 5 

Moreover, existing research on road network emissions calculation typically fails to incorporate 6 

non-exhaust emissions, and the calculation results often lack real monitoring concentration data 7 

for verification (Rowangould, 2015; Salva et al., 2021; Ratanavalachai and Trivitayanurak, 2023). 8 

This may underestimate PM2.5 emissions and provide inaccurate emission inventories, making it 9 

difficult to support the implementation of customized control measures and promote 10 

environmental justice.  11 

To address the knowledge gap mentioned above, our study makes the following key 12 

contributions: 13 

1. A method has been developed to estimate PM2.5 emissions from road networks, 14 

incorporating both exhaust and non-exhaust sources. And the method was validated using a mobile 15 

monitoring system with taxi cruising. 16 

2. The road networks PM2.5 emission characteristics of medium-sized cities in developing 17 

countries was analyzed, using Cangzhou, China as an example. A complete emission inventory 18 

was established to quantify the proportion of traffic-related PM2.5 emissions in roadside 19 

environments. This involved the contribution of each emission component. And The results 20 

provide critical data support for formulating next-stage air quality improvement strategies. 21 
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3. The PM2.5 emission patterns under varying fleet electrification scenarios were portrayed. 1 

The results emphasize the importance of regulating non-exhaust PM2.5 emissions in the 2 

electrification era. 3 

 4 

2. Materials and methods 5 

2.1. Study area 6 

This research was conducted using Cangzhou as a case study. Specifically, as shown in 7 

Figure 1(a), Cangzhou is located in the Beijing-Tianjin-Hebei region of northern China and has a 8 

urban population of 810,000 according to the Tabulation on 2020 China population census by 9 

county. It represents a typical medium-sized populous city in developing countries (cities with 10 

populations between 500,000 and 1 million are classified as medium-sized cities). The study area 11 

covers the two central districts of Cangzhou, and the road network distribution characteristics are 12 

shown in Figure 1(b). The heavy-duty truck-permitted principal arterials are mainly located on 13 

the periphery, connecting suburban and rural areas. The urban core's road network is 14 

predominantly composed of heavy-duty truck-restricted principal arterials and minor arterials. 15 
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 1 

Figure 1 Information about study area. (a) The location Cangzhou in Beijing-Tianjin-Hebei region 2 

and. (b) The road network (data source: OpenStreetMap). 3 

 4 

2.2. Data collection 5 

2.2.1. Source of road network speed data 6 

The road network link-level speed data was collected by floating car. By installing GPS 7 

devices on vehicles, real-time positional data are recorded and integrated with digital road maps 8 

to obtain key parameters including date, time, road link ID, link length, and travel time, enabling 9 

calculation of average travel speeds within specific time intervals. This study utilized floating car 10 

data in 2019 in Cangzhou, with daily datasets reaching millions of records. 11 

 12 

2.2.2. Source of traffic flow and vehicle fleet configuration data 13 

The vehicle fleet configuration by emission standard in Cangzhou is shown in Figure 2(a). 14 

Taking light-duty passenger vehicles (LDPVs) as an example, in 2019, the proportion of vehicles 15 

meet Pre-China I, China I to China VI were 0.01%, 1.79%, 3.7%, 15.5%, 40.8%, 29.8%, and 8.4%, 16 
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respectively. The data about traffic flow and vehicle type were obtained through field surveys. 1 

Specifically, we conducted a two-week field investigation with multiple monitoring sites across 2 

different road types in Cangzhou. The traffic flow data collection at each site was carried out by 3 

two staff members working in hourly shifts and recording vehicle classification counts at one-4 

minute intervals (Figure 2(b)), and more details can be seen in the Supplementary Materials. 5 

Due to heavy-duty truck restrictions in Cangzhou's central area, the proportion of vehicle types is 6 

divided into Heavy-duty truck permitted and restricted scenarios. As Figure 2(c) illustrates, the 7 

proportions of light-duty passenger vehicles (LDPVs), heavy-duty passenger vehicles (HDPVs), 8 

light-duty trucks (LDTs), and heavy-duty trucks (HDTs) for the truck permitted scenario are 9 

78.69%, 1.06%, 12.77%, and 7.48%, respectively. The proportions of LDPVs, HDPVs, and LDTs 10 

for the truck restricted scenario are 95.96%, 2.98%, and 1.06%. The electrification rate by vehicle 11 

types according to field surveys are as follows: LDPVs (11.97%), HDPVs (27.38%), and LDTs 12 

(1.91%), while HDTs are still primarily ICEVs (see Figure 2(d)).  13 

 14 

Figure 2 Vehicle fleet configuration in Cangzhou. (a) By emission standards. (b) Field surveys. (c) 15 

By road types. (d) Percentage of fleet configuration electrification. 16 
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2.2.3. Source of PM2.5 emission factors 1 

The emission factors (EFs) comprise non-exhaust and exhaust components. The exhaust 2 

EFs were derived from an integrated database developed through Portable Emission Measurement 3 

System (PEMS). As shown in Figure 3 (a), comprehensive testing has been conducted over the 4 

years, covering LDPVs, HDPVs, LDTs and HDTs. The tested vehicles represent China's all current 5 

emission standards. By integrating extensive vehicle trajectory data, an integrated dataset of 6 

operating conditions and emissions based on Vehicle Specific Power (VSP) distribution was 7 

developed, ultimately establishing a localized exhaust EFs database categorized by road type, 8 

speed bin, vehicle type and emission standard. More relevant details can be found in the 9 

Supplementary Materials. 10 

The non-exhaust EFs for resuspension dust and the wear of brake, tire and road were 11 

calculated by applying the widely used estimation model (Beddows and Harrison, 2021; Liu et al., 12 

2021; Lin et al., 2022; Tomar et al., 2022). The specific formulation is shown in Equation (1). 13 

{ 𝐸𝐹 = 𝑏 ×𝑊
𝑟𝑒𝑓

1

𝑐

𝑊𝑟𝑒𝑓 = 𝑊/1000
                                                                 (1) 14 

Where 𝐸𝐹 represents non-exhaust EFs, mg-1km-1veh-1; 𝑏 and 𝑐 are fitting parameters obtained by 15 

the research of Beddows and Harrison (2021), and different types of non-exhaust EFs have 16 

different values, specific values shown in Table S1 in Supplementary Materials; 𝑊  is the 17 

vehicle load, kg. 18 

 19 

2.2.4. Source of roadside PM2.5 concentrations 20 

To validate the results of emission calculations, we measured actual PM2.5 concentrations 21 

in roadside environments for comparison. A mobile monitoring method integrated with taxi 22 
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cruising was applied (shown in Figure 3 (b)). The system was equipped with laser particle sensors 1 

based on laser diffraction theory, with four sensors installed at the taxi's headlight positions for 2 

cross-validation and to ensure data validity. The system features a positioning accuracy of better 3 

than 20 meters through its dual-mode (GPS+BeiDou) functionality. And it can transmit 4 

timestamped data including coordinates and PM2.5 concentrations at 3-second intervals. Prior to 5 

field deployment, the system underwent comprehensive calibration through material upgrades and 6 

shock-absorbing screw installation to minimize measurement errors. The collected dataset was 7 

validated by three fixed monitoring stations in Cangzhou using five statistical metrics, with the 8 

correlation coefficient (R) exceeding 0.95, and this work has been made publicly available (Wu et 9 

al., 2020). More details can be seen in Supplementary Materials. In 2019, a fleet of 49 taxis was 10 

deployed to collect roadside PM2.5 concentration data, with over 10 million data collected each 11 

season. 12 
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 1 

Figure 3 PM2.5 emission factors and roadside concentration monitoring. (a) The vehicle exhaust 2 

emission testing and database of localized PM2.5 exhaust emission factors. (b) The mobile 3 

monitoring system and the sampling examples. 4 

 5 

2.3. Calculation method for PM2.5 emissions from road network 6 

Figure 4 illustrates the steps for road network PM2.5 emission estimation in this study. Step 7 

1: establishing traffic flow models and using floating car speed data to obtain link-level traffic 8 

flow. Step 2: calculating vehicle-specific flow based on emission types, vehicle types, and 9 

electrification rates. Step 3: computing exhaust and non-exhaust EFs for different scenarios. Step 10 
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4: calculating the total emissions. Step 5: verifying the reliability of emission calculations. The 1 

details are detailed in the following sections.  2 

 3 

Figure 4 The framework for PM2.5 emissions from road networks. 4 

 5 
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2.3.1. Traffic flow models 1 

Link-level traffic speed and flow data are key for estimating network emissions. However, 2 

obtaining large-scale, link-level flow data is challenging due to the high cost and sparse coverage 3 

of traffic detectors on the road network (Liu et al., 2019). Many cities already employ floating car 4 

systems, which make collecting link-level speed data relatively straightforward (Houbraken et al., 5 

2018; Sunderrajan et al., 2016; Xu et al., 2013). Consequently, utilizing real-time link speed data 6 

as input to traffic flow models has become a common method for estimating traffic flow, and is 7 

widely adopted in road network emission calculations (Chen et al., 2022; Jiang et al., 2021; Pan et 8 

al., 2024; Zang et al., 2022; Zhao et al., 2009). 9 

The Underwood and Van Aerde models are two widely used traffic flow models, with their 10 

formulas shown in Equations (2) and (3), respectively. The Van Aerde model is applicable to 11 

various traffic conditions and road types, and the Underwood model is better suited for traffic flow 12 

on urban principal arterials and minor arterials (Zang et al., 2022). After a comparative analysis of 13 

multiple traffic flow models, the Van Aerde model was selected to characterize traffic flow 14 

relationships on principal arterials (truck permitted), while the Underwood model was applied to 15 

both principal arterials (truck restricted) and minor arterials in our study. The details and the model 16 

parameter calibration results can be seen in the Supplementary Materials. 17 

2
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Where   is the density of traffic flow; j  is the blocking density; mv  is the critical speed, defined 1 

as the speed at which road flow reaches its capacity; freev   is the free flow speed; 1 2 3, ,c c c   are 2 

intermediate variables; v  is the speed of traffic flow; cq  is the capacity; m  is the density at the 3 

capacity. 4 

 5 

2.3.2. Calculation for different vehicle type traffic flow 6 

After obtaining the link-level traffic flow, the traffic flow data for different vehicle types 7 

on different roads are calculated by using Equation (4).  8 

, ,

, ,
,

, , ,
, ,( )

g
r n r n g

r n Green g
g r n g

r n g r n Green
g k k r n g

Q Q

q Q Green

q Q q





 = 


= 


=  −

                                          (4) 9 

Where ,r nQ  is the total traffic flow on the nth link of road type r, calculated using the established 10 

traffic flow model, pcu/h; 
,

g
r nQ  is the total traffic flow for vehicle type g on the nth link of road 11 

type r, pcu/h; g  is the proportion of vehicle type g; gGreen  is the electrification rate of vehicle 12 

type g; k  is the proportion of emission standard k. 13 

 14 

2.3.3. Method for PM2.5 emission factors 15 

EFs are calculated separately for EVs and ICEVs. Specifically, exhaust EFs for ICEVs are 16 

derived from the localized database and computed based on vehicle types, emission standards, 17 

road types, and speed intervals, while non-exhaust EFs are calculated according to vehicle weight 18 

for different vehicle types using Equation (1). The total EFs are calculated as Equation (5). 19 

, , , 3 , , ,( ) 10g k r v g g g g g k r v
icev tyre road resus brake emissionEF EF EF EF EF EF−= + + +  +                      (5) 20 
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Where , , ,g k r v
icevEF  is the total EFs for ICEV of type g with emission standard k at speed bin v on 1 

road type r, g/km; , , ,g k r v
emissionEF  is the exhaust EFs for ICEV of type g with emission standard k at 2 

speed bin v on road type r, g/km; g
tyreEF , g

roadEF , g
resusEF  and g

brakeEF  are non-exhaust EFs for tire 3 

wear, road wear, dust resuspension, and brake wear, respectively, mg/km. 4 

ICEVs converted to equivalent EVs will experience weight increase due to battery systems, 5 

and numerous studies have quantified electrification-induced weight changes by comparing EVs 6 

and ICEVs of the same make and model with matched engine specifications. As summarized in 7 

Table 1, the weight increase ranges from 16% to 24%. Thus, this study examines weight 8 

increments of 16%, 17%, 18%, 19%, 20%, 21%, 22%, 23%, and 24% for EVs compared to ICEVs 9 

and calculates non-exhaust EFs based on vehicle weight by types. Moreover, ICEVs decelerate 10 

wheels by mechanical braking systems, generating particulate emissions through friction. EVs 11 

employ a combined friction and regenerative braking approach, where regenerative braking 12 

decelerates without friction and thus no particulate emissions (Barlow, 2014). The PM2.5 emissions 13 

from brake wear in EVs are usually calculated using a proportional method (Beddows and Harrison, 14 

2021; Liu et al., 2021, 2022a), as shown in Equation (6). 15 

' ' ' ' 3( ) 10g g g g g
bev tyre road resus brakeEF EF EF EF EF −= + + +                             (6) 16 

Where g
bevEF  is the total EFs for EV of type g, g/km;   is the proportion of mechanical braking 17 

in EVs, with our study specifically adopting the values of 0.1, 0.3, 0.5, and 0.7 from the range 18 

summarized in Table 1 for analysis; 'g
tyreEF , 'g

roadEF , 'g
resusEF  and 'g

brakeEF  are non-exhaust EFs for 19 

EVs of tire wear, road wear, dust resuspension, and brake wear, respectively, mg/km. 20 

 21 

 22 
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Table 1 Research about the weight changes after vehicle electrification and the mechanical braking 1 

ratio  value. 2 

References Weight changes  

Liu et al. (2022a) 

The equivalent EV weight increased by 

23% for gasoline vehicles. 0.42, 1 (0% and 68% regenerative 

braking) The equivalent EV weight increased by 

18% for diesel vehicles. 

Faria et al. (2012) 

The equivalent EV weight increased by 

20% for ICEV. 

/ 

Liu et al. (2021) 

The equivalent EV weight increased by 

20% for ICEV. 

0, 0.5, 1 

Timmers and 

Achten (2016) 

The equivalent EV weight increased by 

24% for ICEV. 

/ 

Beddows and 

Harrison (2021) 

The equivalent EV weight increased by 

23.57% for gasoline vehicles. 

0, 0.1, 1 

The equivalent EV weight increased by 

16.58% for diesel vehicles. 

The equivalent EV weight increased by 

21% for ICEV. 

 3 

2.3.4. Methods for PM2.5 emissions 4 

The total PM2.5 emissions of the road network are composed of emissions from ICEVs and 5 

EVs, as shown in Equation (7). 6 

icev bevE E E= +                                                           (7) 7 
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Where E  is the total emissions, g/h; icevE  is the emissions from ICEVs, g/h; bevE  is the emissions 1 

from EVs, g/h. 2 

Specifically, the calculation of emissions from ICEVs is shown in Equation (8). 3 

, , , ,
, ,

,

, , , , , 3
, , , ,

, ,

( ) 10

emission no emission r n g k r v
icev icev icev r n g k icev

r n g k

r n g k r v r n g g g g
r n g k emission r n g k tyre road tresus brake

r n g k r n g

E E E L q EF

L q EF L q EF EF EF EF

−

−

= + =  

=   +   + + + 



  
 (8) 4 

Where emission
icevE and no emission

icevE −  is exhaust emissions and non-exhaust emissions of ICEVs, 5 

respectively, g/h; ,r nL  is the length of nth link for road type r, km; ,
,

r n
g kq  is the ICEV traffic flow of 6 

vehicle type g with emission standard k on the nth link of road type r, pcu/h. 7 

The calculation of emissions from EVs is shown in Equation (9). 8 

, ,
,

,

, , ' ' ' ' 3
,

,

( ) 10
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bev r n g bev

r n g

r n Green g g g g
r n g tyre road resus brake

r n g

E L q EF

L q EF EF EF EF −

=  

=   + + +  




           (9) 9 

Where , ,r n Green
gq  is the EV traffic flow for vehicle type g of the nth link for road type r, pcu/h. 10 

 11 

2.3.5. Methods for validation 12 

AERMOD is a widely used atmospheric dispersion modeling method with good 13 

applicability and reliability (Rowangould, 2015; Ratanavalachai and Trivitayanurak, 2023). We 14 

utilized AERMOD to simulate the dispersion of road network PM2.5 emissions for obtaining 15 

concentration values. Then, verify the results by comparing the actual measured concentration 16 

values from the taxi-based mobile sensing system. And two indicators including cosine similarity 17 

and ratio were used to evaluate hourly variation trends and magnitude relationships, as presented 18 

in Equation (10) and Equation (11). 19 
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Where 
real road networkcos( , )s sw w  is cosine similarity, a metric that quantifies the directional alignment 3 

between two vectors in multidimensional space. The value varies between -1 and 1, when values 4 

approaching 1 indicate strong vector similarity, values nearing -1 represent diametric opposition, 5 

and 0 signifies orthogonal vectors exhibiting no correlation. Vectors 
real
s
w  and 

road network
sw  6 

represent the hourly monitoring PM2.5 concentrations and the hourly simulated road-network 7 

concentrations at location s , respectively. Y  is the total number of hours. ,
real
s yw  and ,

road network
s yw  8 

are the actual value and simulated value at the y th hour in the s th location, respectively. S  is the 9 

total number of locations. y  is the ratio between the simulated value and the actual monitoring 10 

value at hour y ; η  is a vector of different hourly ratios. 11 

 12 

3. Results and Discussion 13 

3.1. The validation of emission calculations 14 

Hourly PM2.5 emission estimation and dispersion simulation were conducted for the road 15 

network from 8:00 to 20:00 by using method in Figure 4. A grid-based methodology was 16 

employed to validate the road emission calculations. By integrating contemporaneous roadside 17 

monitoring data, cosine similarity and concentration ratios were calculated across 90 grid cells 18 
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(800 m×800 m each) within the study area. The calculation steps and spatial grid division 1 

information are provided in the Supplementary Materials.  2 

As shown in Figure 5(a), the monitored and simulated concentrations demonstrate strong 3 

agreement in their hourly variations. The cosine similarity in each grid cell exceeded 0.7, with a 4 

mean value reaching 0.96. This indicates strong agreement between the concentration trends 5 

derived from emission-dispersion modeling and actual roadside measurements, showing the 6 

reliability of the method. The results about ratio calculation are presented in Figure 5(b). The 7 

findings demonstrate that the concentration contribution of road network PM2.5 emissions to total 8 

roadside ambient environment varies with hours, which is also confirmed in the study of Li and 9 

Managi (2021). The peak ratio is observed during the morning rush hour, reaching 55.97% at 8:00, 10 

while the lowest ratio (32.65%) is observed at 12:00. The average hourly ratio of emissions from 11 

the road network is 44.05%. The results are reliable as other studies reported that traffic-related 12 

sources contribute over 35% to total PM2.5 concentrations (Wang et al., 2016; Dabek-Zlotorzynska 13 

et al., 2019), reaching 35% to 48% during peak morning hours (Jeong et al., 2019), which is close 14 

to the proportion observed in our result. This dynamic ratio also provides a methodological basis 15 

for the estimation of PM2.5 concentrations in roadside environment by using road network 16 

emission-dispersion modeling. 17 
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 1 

Figure 5 The validation of PM2.5 emission calculations. (a) Cosine similarity. (b) Ratio. 2 

 3 

3.2. Emission characteristics for different road types 4 

As shown in Figure 6(b), non-exhaust sources represent the dominant contributor to PM2.5 5 

emissions. Across various scenarios incorporating EVs weight gains (16%–24%) and  values (0.1, 6 

0.3, 0.5, 0.7), non-exhaust emissions account for over 83%, 97%, and 97% of the total on truck-7 

permitted principal arterials, truck-restricted principal arterials, and minor arterials, respectively. 8 

The higher truck share (20.25%) on permitted principal arterials results in a significantly larger 9 

proportion of exhaust emissions, exceeding 15% (compared to approximately 2.5% on truck-10 

restricted major roads). As illustrated in Figure 6(a), the highest average hourly PM2.5 emissions 11 

occur on truck-permitted major roads. Meanwhile, emissions on truck-restricted major roads 12 

display greater variability, a pattern attributable to fluctuations in commuter traffic flow. Exposure 13 

to PM2.5 is epidemiologically associated with adverse health outcomes such as dementia and lung 14 

cancer, particularly in roadside environments due to their proximity to the public (Halonen et al., 15 

2016; Chen et al., 2017). Figure 6(c) presents the spatial distributions of PM2.5 emissions and 16 

residential communities, with residential location dataset sourced from Anjuke (www.anjuke.com), 17 

a leading Chinese real estate platform (this dataset has been made publicly available in our 18 
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previous work and can be accessed via this link: https://doi.org/10.1016/j.trd.2025.104762). As 1 

visually depicted in Figure 6(c), the residential areas are in close proximity to the road networks. 2 

The quantitative results (Figure 6(d)) indicate that the majority of residential areas are located 3 

within 500m road buffer (99.87%), with 94.07% located within 200m and 70.58% within 100m 4 

buffer zones. This spatial characteristic readily leads to heightened resident exposure to non-5 

exhaust PM2.5 emissions, which is an increasingly significant yet frequently overlooked source of 6 

pollution, presenting a new potential health risk for roadside inhabitants. Furthermore, population 7 

living in near-road environments shows an increasing trend, especially vulnerable groups 8 

(Kendrick et al., 2015; Rowangould, 2013; Karner and Golub, 2019). This pattern may exacerbate 9 

environmental justice concerns and further emphasize the need for a segment-level analysis of 10 

PM2.5 emission contributions in the road network to guide targeted pollution control. 11 

Moreover, this emission characteristic is influenced by the road network structure of the 12 

study area. In medium-sized cities of developing countries, principal arterials account for a higher 13 

proportion of the road network, concentrating in central areas and serving as primary traffic 14 

corridors (Wang et al., 2019), as shown in Figure 1(b). In contrast, some developed cities possess 15 

more mature road network structures with higher accessibility (Shi et al., 2019; Wang et al., 2020; 16 

Burghardt et al., 2022), where traffic flow distribution could result in relatively even emissions. 17 

Some studies have confirmed the road network structure's impact on PM2.5 emissions. Research in 18 

C. Yu et al. (2023) shows that road network structure accounts for 19.8% of PM2.5 concentration. 19 

Notably, higher proportions of collector roads and minor arterials are found to reduce PM2.5 20 

concentrations (Wang et al., 2017). Our previous Geographically Weighted Regression (GWR) 21 

model (Wang et al., 2025) for the study area indicated that roadside PM2.5 concentrations were 22 

positively associated with industrial areas, truck-permitted principal arterials, and collector roads, 23 
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but negatively associated with residential areas. This spatial pattern reflects the urban morphology 1 

of Cangzhou, a medium-sized city in a developing country, which features well-equipped central 2 

areas and a peripheral concentration of industrial zones and freight routes. Such an urban layout 3 

may exacerbate inequalities in pollution exposure resulting from PM2.5 emissions from the road 4 

network. Moreover, even in developed cities like Houston, USA, low-income neighborhoods along 5 

industrial corridors experience environmental inequities due to their proximity to freight transit 6 

routes (Demetillo et al., 2020). A more detailed discussion is provided in Section 3.5. These 7 

findings provide valuable insights for optimizing urban planning strategies in cities to mitigate 8 

PM2.5 emissions from road networks. 9 
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 1 

Figure 6 The characteristics of PM2.5 emission for different road types. (a) Statistical 2 

characteristics. (b) Ratio of exhaust and non-exhaust emissions under different vehicle weight 3 
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increases and α values. (c) Spatial distributions. (d) The percentage of residential areas located 1 

within different road buffer zones. 2 

 3 

3.3. Emissions characteristics by vehicle types 4 

The distribution of PM2.5 exhaust emissions across different vehicle types is illustrated in 5 

Figure 7. Trucks accounted for 87.79% of hourly exhaust emissions, identifying as the primary 6 

source. HDPVs contribute 11.09% of the emissions, while LDPVs account for less than 2%. 7 

Vehicles meeting China III and Ⅳ emission standards remain the dominant contributors to PM2.5 8 

exhaust emissions, representing 50.53%, 68.32%, 64.41% and 64.13% among LDPVs, HDPVs, 9 

LDTs, and HDTs, respectively. This distribution demonstrates that China's progressively stringent 10 

emission standards have effectively controlled vehicular exhaust emissions. Specifically, the 11 

China V emission standard (2017) first introduced explicit PM2.5 emission limits, while the China 12 

VI standard (2019) implemented even stricter controls (MEEC, 2019).  13 

 14 

Figure 7 Percentage of PM2.5 exhaust emissions by vehicle types. 15 
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For individual vehicles, non-exhaust EFs are influenced directly by weight, resulting in 1 

higher emissions for HDTs. At the road network level, LDPVs are also key contributors due to 2 

their dominant traffic volume. Figure 8(a) and (b) present the distribution of non-exhaust PM2.5 3 

emissions across vehicle types, showing both their overall contributions and their respective shares 4 

within the four non-exhaust emission sources. LDPVs emerge as the dominant source, responsible 5 

for 75.79% (mean value) of total non-exhaust emissions. Notably, electrified LDPVs, representing 6 

12% of the current vehicle fleet configuration, already account for 9.36% (mean value) of non-7 

exhaust emissions. This reveals an emerging concern: while exhaust emissions have been 8 

effectively controlled through stringent emission standards, the accelerating fleet electrification is 9 

expected to further increase non-exhaust emissions. The growing adoption of EVs may not lead to 10 

significant PM2.5 reduction. As Hooftman et al. (2018) proposed, EVs may bring more non-exhaust 11 

emissions, indicating that switching to EVs cannot lead to substantial reductions in PM2.5 12 

pollutions. Traffic-related PM2.5 emissions remain a critical environmental and public health 13 

challenge. 14 

 15 

Figure 8 Percentage of PM2.5 non-exhaust emissions by vehicle types. (a) The overall contributions. 16 

(b) Respective shares within the four non-exhaust emission sources. 17 
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3.4. Non-exhaust PM2.5: a critical emission source 1 

Figure 9 illustrates the proportional characteristics of PM2.5 emissions across different 2 

components during peak hours. PM2.5 exhaust emissions account for only about 8.62% (mean 3 

value), while non-exhaust emissions contribute 91.38%, showing a growing share in total traffic-4 

related emissions. This pattern is also common in many countries (see Table 2). Research from 5 

seven European countries indicates that non-exhaust emissions have become the dominant source 6 

of road PM2.5 (Lewis et al., 2019). Data from the UK national emission inventory shows a sharp 7 

increase in the contribution from tire, brake, and road wear, which rose from 26% in 2000 to 60% 8 

in 2016 (Lewis et al., 2019). The US National Emissions Inventory data reveal that non-exhaust 9 

emissions have constituted over 80% of road traffic emissions since 2015, with their share 10 

projected to reach 97% by 2030 (OECD, 2020). Research by Piscitello et al. (2021) further 11 

demonstrates that non-exhaust sources may be the primary contributor, accounting for over 90% 12 

of total traffic-related PM2.5 emissions. 13 

 14 

Figure 9 Percentage of each part for hourly PM2.5 emission. 15 
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Table 2 Some references about road PM2.5 emissions.  1 

References City (Country) Key points 

Lewis et al. 

(2019) 

Seven European countries: 

the UK, France, Germany, 

Finland, Denmark, 

Netherlands, and Sweden. 

All countries exhibit the same pattern: exhaust emissions demonstrate a consistent decline, 

while non-exhaust emissions display an increasing trend and are gradually becoming the 

dominant source of road PM2.5 emissions. 

EEA (2022) European countries 

Non-exhaust emissions (from brake, tire wear, and road abrasion) accounted for 59% of PM2.5 

emissions from road transport in the EU-27 in 2022. 

Lewis et al. 

(2019) 

UK 

Exhaust emissions have declined annually, while non-exhaust emissions have increased, 

constituting a growing share of total PM2.5 emissions, rising from 26% in 2000 to 60% in 2016. 

OECD (2020) US 

Non-exhaust emissions have constituted over 80% of road traffic emissions since 2015, and 

their share is projected to increase to 97% by 2030. 

Piscitello et al. 

(2021) 

/ 

Non-exhaust sources account for over 90% of total traffic-related particle matter emissions, 

becoming the primary contributor. 

 2 
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These findings demonstrate that non-exhaust emissions have emerged as both the primary 1 

source and critical control target for future PM2.5 mitigation strategies. The proportions for the 2 

wear of brakes, roads, tires, and dust resuspension are 27.46%, 14.93%, 20.94%, and 28.05%, 3 

respectively (shown in Figure 9). Dust resuspension represents the highest proportion, as vehicle 4 

movement aerodynamically disturbs surface-deposited PM2.5 particles through airflow generation 5 

and pressure differentials, causing their re-entrainment into the air. These PM2.5 could originate 6 

from various sources, including the wear of brake, tire, and road. Research by Lin et al., (2022) 7 

also demonstrates that PM2.5 resuspension constitutes the predominant sector, with a contribution 8 

rate as high as 37%-60%. In a Canada-focused study by Dabek-Zlotorzynska et al. (2019), PM2.5 9 

resuspension accounted for approximately 23% of PM2.5 emissions. Gummeneni et al. (2011) 10 

found a 26% share of PM2.5 resuspension in Hyderabad, India. Street cleaning has been identified 11 

as an effective way to mitigate PM2.5 resuspension, including the use of water or chemical dust 12 

suppressants (Piscitello et al., 2021). For example, applying chemical agents like magnesium 13 

chloride as dust suppressants, the background PM2.5 levels were estimated to decrease by 6-8% 14 

(Gulia et al., 2019). Moreover, particulate matter resuspension is more likely to occur on smooth 15 

pavement surfaces, and that rough-textured pavements can mitigate this phenomenon (Amato et 16 

al., 2016; Gulia et al., 2019).  17 

Brake wear emissions constitute the second-largest contributor (shown in Figure 9). 18 

During vehicle breaking, particulate matter is generated by friction between the drums and brake 19 

pads (Piscitello et al., 2021). Upgrading the materials of brake pads to enhance wear resistance 20 

and thermal stability can effectively reduce PM2.5 emissions from braking operations (such as 21 

titanium coatings) (Razo et al., 2016; Piscitello et al., 2021). Furthermore, brake wear is closely 22 

associated with driving behavior, as frequent and aggressive braking significantly increases 23 
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interfacial temperatures and subsequently increases brake wear emissions (Garg et al., 2000; Kwak 1 

et al., 2013; Zum Hagen et al., 2019). Promoting smoother driving habits can be a potential 2 

mitigation strategy (Querol et al., 2018; Vojtíšek-Lom et al., 2021; Wei et al., 2022). Optimizing 3 

signal control at intersections and applying advanced autonomous driving technologies with 4 

predictive braking systems can effectively reduce intense friction braking events (De Coensel et 5 

al., 2012; Fussell et al., 2022). 6 

Tire wear and road wear have become major sources of urban PM2.5 emissions. Tires are 7 

primarily composed of rubber, fibers, carbon black fillers, and other materials. Road surfaces are 8 

mainly categorized into asphalt and concrete pavements. Friction between tires and road surfaces 9 

causes tire materials to fracture under stress, and the rolling of tires peels off pavement materials, 10 

both releasing particles in the process. Optimizing materials or structures can help minimize 11 

emissions from tire wear and road wear. For example, adding rubber crumbles to asphalt mixtures, 12 

adopting double-layer porous asphalt designs or using more wear-resistant tire materials (such as 13 

modified silica as an additive) are effective approaches (Bressi et al., 2019; Vieira et al., 2019; Li 14 

et al., 2021). Additionally, adopting smoother driving behaviors (e.g., avoiding aggressive 15 

deceleration) and maintaining optimal tire pressure and wheel alignment settings are feasible 16 

measures (Fussell et al., 2022; Giechaskiel et al., 2024; Liu et al., 2022b). 17 

The Euro 7 emission standards represent a pioneering global effort to regulate non-exhaust 18 

PM2.5 emissions (all new vehicles sold must comply starting July 1, 2025). The upcoming China 19 

Ⅶ emission standards mark the first regulatory framework to address non-exhaust PM2.5 20 

emissions (mostly for brake and tire wear) in China. The contributions from various emission 21 

sources may change, necessitating further estimation efforts. It should be emphasized that our 22 
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study analyzes the current contributions from various sources, highlighting the substantial 1 

proportion attributable to non-exhaust PM2.5 emissions.  2 

 3 

3.5. Patterns of PM2.5 emissions in different fleet electrification scenarios 4 

We analyzed peak hourly PM2.5 emission characteristics under four fleet electrification 5 

scenarios: 35%, 50%, 75%, and 100% penetration rates, covering LDPVs, HDPVs, LDTs, and 6 

HDTs. As shown in Figure 10(a), PM2.5 emissions gradually decrease with increasing fleet 7 

electrification. However, the emission reduction rate is lower than the electrification penetration 8 

rate. At penetration rates of 35%, 50%, 75%, and 100%, PM2.5 emissions are reduced by 6.96%, 9 

11.01%, 17.77%, and 24.53% respectively compared to the base scenario. Figure 10(b) reveals 10 

that non-exhaust PM2.5 emissions constitute a prominent proportion of the total emissions across 11 

all scenarios, reaching over 90%. This result indicates that without mitigation measures for non-12 

exhaust sources, they may become the main contributor to traffic-related PM2.5 pollution.  13 

 14 

Figure 10 PM2.5 emissions patterns for different fleet electrification scenarios (EVs weight increases 15 
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by 20%, with the  value of 0.1). (a) Trends in total hourly emissions. (b) Characteristics of the 1 

share for exhaust and non-exhaust emissions. 2 

 3 

These findings reveal a critical reality: fleet electrification cannot fully eliminate PM2.5 4 

emissions. Soret et al. (2014) also confirmed that even under high penetration scenarios, the 5 

reduction in PM2.5 remains below 5%. Table 3 shows studies by various researchers on the impact 6 

of vehicle fleet electrification on PM2.5 emissions. A key point across studies is that the transition 7 

to EVs will not lead to a reduction in PM2.5 emissions. The prevailing reality is that many countries 8 

are accelerating fleet electrification to achieve zero-pollution targets. Crucially, it must be 9 

emphasized that while EVs can achieve zero exhaust emissions, they do not equate to zero total 10 

emissions. This reality highlights the urgent need to shift the focus of next-phase traffic-related 11 

PM2.5 control strategies toward non-exhaust emissions. 12 

Moreover, the electrification of vehicle fleet may introduce new environmental justice 13 

concerns (Ji et al., 2015). The higher costs of EVs can create financial barriers for low-income 14 

populations (Adepetu and Keshav, 2017), who also face limited access to incentives for EVs 15 

purchase and charging (Min and Lee, 2020). Also, charging infrastructure is disproportionately 16 

concentrated in high-income neighborhoods (e.g., detached dwellings), severely limiting 17 

accessibility in disadvantaged communities (Hsu and Fingerman, 2021; Khan et al., 2022). 18 

Cangzhou exhibits this characteristic as well. Given that housing costs constitute a significant 19 

portion of household expenditure (Mirkatouli et al., 2018), housing price levels are frequently used 20 

to delineate communities of different socioeconomic status when census-level income data are 21 

unavailable (Coffee et al., 2013; Ding et al., 2023). Using housing price data obtained from 22 

Anjuke.com, we divided the study area into 1-km spatial grids. Grids with above-average housing 23 

prices were identified as affluent areas, while the remainder were classified as deprived areas. 24 
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More methodological details are available in our previously published research (Wang et al., 2025). 1 

The layout planning of charging infrastructure was obtained from the official website of the 2 

Cangzhou Municipal Government (https://www.cangzhou.gov.cn/cangzhou/). The charging 3 

facility density in both types of residential areas was calculated, with affluent areas exhibiting a 4 

higher charging facility coverage rate (65.75%), compared to only 16.49% in deprived areas (More 5 

details can be seen in our Supplementary Materials). This inequity hinders vehicle fleet 6 

electrification in disadvantaged communities and may result in concentrated exposure to exhaust 7 

emissions. 8 

Additionally, the poorer living conditions in low-income communities (e.g., inadequate 9 

road maintenance or absence of green buffers) may lead to heightened pollution exposure from 10 

non-exhaust sources such as resuspended dust. We conducted a statistical analysis of housing price 11 

levels near various road types in Cangzhou. The results revealed that roads permitting truck traffic 12 

are associated with lower average surrounding housing prices (7,159 yuan/m2), whereas other 13 

roads are flanked by residential areas with higher average prices (8,354 yuan/m2). More details 14 

can be seen in our Supplementary Materials. As disadvantaged groups tend to seek more 15 

affordable housing, areas near truck-permitted roads and poorer environments often become their 16 

residential locations(Chakraborty et al., 2022; Li et al., 2025, 2018). Given that trucks are a major 17 

source of PM2.5 emissions from exhaust and also generate higher non-exhaust emissions due to 18 

their heavier weight, residents in these areas are directly exposed to high PM2.5 pollution, posing 19 

serious health risks to these communities. In contrast, the higher housing price communities feature 20 

better residential and green environments, and prohibit truck traffic, which enhances the capacity 21 

to capture and mitigate particulate matter. This unequal distribution of pollution exposure among 22 

population groups is a globally observed phenomenon (Demetillo et al., 2020; deSouza et al., 23 
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2023). Under the scenario of fleet electrification, non-exhaust emissions are becoming increasingly 1 

dominant, and the lack of attention to this shift may further widen disparities and bring new 2 

environmental justice challenges in PM2.5 exposure across different demographic groups. Thus, 3 

the challenges arising from the complex interaction among vehicle-sourced PM2.5 emissions, 4 

accelerated electrification, and evolving urban governance frameworks cannot be ignored, 5 

necessitating a shift in mitigation strategies. 6 

 7 
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Table 3 Some references about the impact of fleet electrification on PM2.5 emissions. 1 

References City (Country) Key points 

Liu et al. (2024) UK By 2040, EVs are projected to contribute 98% of road transport PM2.5 emissions. 

Soret et al. 

(2014) 

Barcelona and Madrid 

(Spain) 

The high share of non-exhaust emissions has limited the PM2.5 reduction from fleet 

electrification (< 8%). 

Timmers and 

Achten (2016) 
/ 

EVs may not significantly contribute to reducing PM2.5 levels. Compared to ICEVs. EVs only 

reduce PM2.5 emissions by 1–3%, and non-exhaust emissions already account for 85% of the 

total. 

Liu et al. (2021) / 
The total particulate matter from an ICEV may be lower than the non-exhaust particulate 

emissions from its equivalent EV. 

Grange et al. 

(2021) 
Switzerland Non-exhaust emissions are a significant contributor to the increase in PM2.5 in the urban areas. 

Fang et al. 

(2024) 
Tianjin (China) 

Non-exhaust emissions account for a growing share of vehicle emissions as the market share 

of EVs increases. 

Zhang et al., 

(2025) 
Tianjin (China) 

Non-exhaust emissions from brake and tire wear surpassed exhaust emissions for the first time 

in 2013. Controlling these non-exhaust emissions is crucial for mitigating urban particulate 

matter pollution. 

Acocella et al. 

(2025) 
/ EVs do not substantially address non-exhaust emissions. 

OECD (2020) / 
Heavier EVs (approximately 40% heavier) could lead to a 2.6–7.8% increase in PM2.5 

emissions.  

  2 
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4. Conclusions 1 

In this study, a method for PM2.5 emission estimation incorporating exhaust and non-2 

exhaust sources from road networks was developed. Using Cangzhou, China as the case study, the 3 

method was validated with real PM2.5 concentration data measured in roadside environment by a 4 

taxi-based mobile cruise sensing system, revealing emission patterns of road-network PM2.5 in 5 

medium-sized populous cities in developing countries.  6 

Non-exhaust PM2.5 emissions now constitute a growing proportion of road traffic-related 7 

emissions. While past regulatory efforts have targeted exhaust emissions, a strategic shift in focus 8 

is urgently needed. It must be acknowledged that EVs are not zero-emission, and fleet 9 

electrification alone does not fully eliminate PM2.5 pollution. Traffic-related PM2.5 remains a 10 

critical environmental and public health issue, even amid the transition to electrification. 11 

As non-exhaust emissions gain dominance, the continued neglect of these sources risks 12 

may exacerbate socioeconomic disparities and introduce new environmental justice concerns 13 

across demographic groups. Specifically, overlooking non-exhaust emissions may lead to 14 

significant underestimation of population exposure to traffic pollution. Evidence from Cangzhou, 15 

for example, indicates that disadvantaged groups often reside near truck-intensive corridors. A 16 

narrow focus on exhaust emissions alone would ignore the health risks posed by non-exhaust 17 

sources. Furthermore, uneven progress in electrification (e.g. higher charging infrastructure 18 

density in affluent areas) may slow the adoption of EVs in disadvantaged communities, leading to 19 

concentrated exposure to both exhaust and non-exhaust emissions in regions where electrification 20 

lags. 21 

Innovative and multi-faceted strategies are needed to address traffic-related PM2.5 22 

emissions. While regulations such as the Euro 7 and China’s upcoming China Ⅶ standards mark 23 
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important high-level efforts to curb non-exhaust emissions, a more integrated and systematic 1 

approach is essential. Technologically, advancements in lightweight electric vehicle batteries 2 

should be prioritized, given the direct relationship between vehicle weight and non-exhaust 3 

emissions. It is critical to balance higher battery capacity (an increase that typically raises vehicle 4 

weight) against the associated rise in non-exhaust emissions. Concurrently, optimizing road 5 

surfaces and tire materials can reduce wear-related particulate release. Improved urban 6 

management and road maintenance, such as systematic street cleaning, use of dust suppressants, 7 

and selection of effective cleaning techniques, are also critical to limit dust resuspension. 8 

Additionally, modifying driver behavior offers a valuable complementary pathway. Training 9 

programs that emphasize eco-driving techniques over basic vehicle operation can mitigate 10 

aggressive driving styles that elevate emissions. Promoting regular maintenance of tire pressure 11 

and wheel alignment will further help reduce non-exhaust PM2.5. Collectively, these all necessitate 12 

a fundamental evolution in emission governance strategies, shifting moves beyond the traditional 13 

singular focus on exhaust emissions toward an integrated framework that systematically addresses 14 

non-exhaust sources as the dominant contributor to PM2.5 in the era of electric mobility. 15 

There are still limitations in our study. Due to the high costs associated with measuring 16 

PM2.5 non-exhaust emission factors, we employed model-based estimations derived from literature. 17 

Future studies could incorporate experimental measurements of non-exhaust emissions to expand 18 

the PM2.5 emission factor database. 19 
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