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ARTICLE INFO ABSTRACT
Keywords: Brake wear particle (BWP) emissions, a major non-exhaust source of urban air pollution, will be
Brake wear particles regulated under Euro 7 standards. However, current knowledge on quantifying urban BWP

Non-exhaust emissions
Traffic emissions
Emission modeling
Spatiotemporal analysis

emissions and their spatiotemporal variations is insufficient. This study incorporates an
operating-mode-based modeling framework with large-scale ride-hailing trajectories and local
survey data from Chengdu, China. The local PM;( emission factor was estimated to be 27 + 4 mg/
km/veh, higher than the literature due to frequent braking. By applying interpretable machine
learning for trip-level analysis, strong correlations were identified between BWP emissions and
driving characteristics like braking frequency, intensity, speed, and road grade, highlighting the
need for reducing on-road braking through better driving and traffic management. Spatiotem-
poral analysis indicated emissions spike during congested hours, which are also highly correlated
with sensitive spots like healthcare facilities. The results shed light on targeted strategies to
mitigate the environmental and health impacts of BWP emissions.

1. Introduction

Non-exhaust emissions generated from brake, tire, road surface wear, and resuspended dust, account for up to 60 % by mass of total
traffic-related particulate matter (PM) (Grange et al., 2021). This proportion is predicted to increase, accompanied by reduced
regulated exhaust emissions (Sarica et al., 2024). One of the most important non-exhaust emissions sources is brake wear particle
(BWP) emissions, contributing to the total non-exhaust PM;( emissions by 1.6 % to 55.3 % across various sampling locations (Harrison
etal., 2012; Zhang et al., 2020). To this end, the Euro 7 standards have proposed setting an official regulation for PM from brakes of on-
road vehicles, aiming to reduce 27 % of BWP emissions from cars and vans by 2035 (Ntziachristos et al., 2022).

BWP emissions are generated from the friction between vehicular brake pairs and influenced by factors such as initial speed,
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deceleration, brake pad materials, and vehicle load (Giechaskiel et al., 2024), for which it is difficult to capture the emission of every
changing braking event. Based on single vehicle or brake pair wear tests, BWP emission models have been developed, such as the Motor
Vehicle Emission Simulator (MOVES) (USEPA, 2020), the Computer Programme to Calculate Emissions from Road Transport
(COPERT) (Ntziachristos and Boulter, 2023), and the EMission FACtors (EMFAC) (The California Air Resources Board, 2021). Given
their application in regional emission quantification (Singh et al., 2020) and policy assessment (Chang et al., 2023), link-level BWP
emissions have rarely been quantified in cities, where congestions occur frequently and the drive cycles are significantly distinguished
from regulated models. Consequently, the relationship between BWP emissions and the features of aggregated vehicle operation (e.g.,
average speed, vehicle volume, and braking frequency) is challenging to assess precisely. Additionally, the spatial and temporal
variations of BWP emissions on a finer scale are unclear. Current emission models also face limitations due to outdated data used in the
current estimation models. These limitations hinder our understanding of BWP emissions and the development of effective mitigation
measures.

To address these gaps, this study builds up a comprehensive modeling and analysis framework for network-wide on-road BWP
emissions from light-duty vehicles (LDVs) in the urban area. This framework consists of an operating mode (OpMode) based BWP
emission estimation model with the most recent measurement results and the multi-level trajectory aggregation technique. We apply
this framework to a substantial ride-hailing trajectory dataset with local survey data in a central metropolitan area to investigate the
influencing factors of BWP emissions and their spatiotemporal variations, based on which the implications of BWP mitigation stra-
tegies were discussed.

The rest of this paper is organized as follows. Section 2 briefly reviews the literature. Section 3 details the data used in this study and
presents the modeling and analysis framework. The results are presented in Section 4, while Section 5 discusses the implications of
mitigation policy and emission modeling. Section 6 summarizes the main findings and comments on the directions for future research.

2. Literature review

In this section, current BWP studies are reviewed from three aspects: influencing factors of BWP emissions, emission models for
BWP, and the large-scale quantification of BWP emissions.

2.1. Influencing factors of BWP emissions

Research typically analyzes measurement results under various test conditions to summarize the influencing factors of BWP
emissions from individual vehicles, including brake system attributes, vehicle weight, and braking behavior. Brake system attributes
include brake pad materials (brake lining types) and brake types. Commonly used brake pad materials include semi-metallic (SM), low-
metallic (LM), and non-asbestos organic (NAO), with distinct compositions and wear characteristics (Grigoratos and Martini, 2015).
Generally, LM brake pads produce significantly higher emissions than SM and NAO brake pads (Woo et al., 2021). Morden LDVs
typically use two brake system configurations: disc brakes and drum brakes (Grigoratos and Martini, 2015). Disc brakes are more
common, but drum brakes, typically installed on rear wheels, have lower BWP PM emission factors but higher PMjy 5 content
(Grigoratos et al., 2023).

Vehicle weight also influences BWP emissions. Increasing vehicle weight can significantly elevate emissions due to higher brake
dissipation energy (Hagino et al., 2016). For instance, a 36 % increase in vehicle weight could result in a 23 % increase in PM;o
emissions for metallic brake pads (Grigoratos et al., 2023). Consequently, heavy-duty vehicles usually exhibit higher on-road BWP
emissions (Lee et al., 2023). The increased load on the battery also limits the emission reduction benefits of electric vehicles, depending
upon the extent of regenerative braking (Beddows and Harrison, 2021).

Braking behavior parameters, including initial braking velocity, and braking deceleration, significantly impact BWP emissions.
Generally, higher initial braking velocities and greater braking decelerations both lead to increased BWP emissions (Liu et al., 2022;
Oroumiyeh and Zhu, 2021). Intense braking results in greater energy dissipation, further elevating BWP emissions (Wei et al., 2022).

Current research mainly focuses on individual vehicles or brake devices, providing a theoretical basis for emission models.
However, there is a lack of exploration into the impact of macroscopic road characteristics, such as traffic volume, road grade, and
average speed, which hinders the development of road-level mitigation strategies.

2.2. BWP emission models

Compared to exhaust emissions, the development of BWP emission models has relatively lagged on both model framework and
measurement tests that were used to calibrate the model. Currently, only a few models provide the emission factors (EFs) or emission
rates (ERs) for BWP, including COPERT, EMFAC, and MOVES series. The COPERT model, developed by the European Environment
Agency (EEA), and the EMFAC model, developed by the California Air Resources Board (CARB), calculate BWP emissions based on
vehicle type and average speed (Ntziachristos and Boulter, 2023). Compared to COPERT and EMFAC, MOVES4, the most updated
MOVES version, offers instantaneous input options and can estimate EFs based on vehicle driving characteristics. Different from the
other two models, MOVES4 uses second-by-second speed and acceleration to determine instantaneous OpModes, which correlates to
the power need and the value of BWP ER (USEPA, 2020).

These models have been utilized worldwide. However, the latest measurement data used in COPERT and MOVES4 dates back to
2001, making it outdated for the current vehicle specifications (Garg et al., 2000; Sanders et al., 2003). Although EMFAC updated its
measurements in 2021, the testing was conducted within the context of California, including test vehicles and the driving cycle. Its
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application to regions outside of California requires further verification.

2.3. Spatiotemporal distribution of BWP emissions

The quantification of the spatiotemporal distribution of BWP emissions is crucial for regional pollution analysis and emission
mitigation policies. The source apportionment analysis based on roadside sampling and air contaminant tests has been widely used in
the past (Jeong et al., 2019; Matthaios et al., 2022). However, BWP tracers (e.g., iron, copper, and titanium) in the atmospheric
environment can also be associated with other pollution sources such as industry and construction, introducing a wide variation to the
result of source apportionment across regions. In addition, this method requires a substantial number and duration of samples, making
it challenging to achieve large-scale representative quantification (Piscitello et al., 2021).

Another approach applies the aforementioned emission models with vehicle information and road traffic data. For example, using
EFs and road traffic volume data, a study found that the arterial roads are the primary emission source in Delhi, India, while the
national highway has the highest EF (Singh et al., 2020). Considering vehicle driving distances, rural roads in India significantly
contribute to non-exhaust emissions (Tomar et al., 2022).

While the application of EFs and emission models supports city-scale, detailed analysis, current research often uses a uniform EF
from existing models, overlooking differences in EFs caused by regional traffic variation, which is differentiated by the drive cycle,
vehicle fleet distribution, and time-varying traffic conditions.

3. Methodologies

In this study, a systematic methodology consisting of data processing, model development, and multi-level aggregation analysis is
proposed and presented in Fig. 1. Three categories of data are required, including the vehicle activity data extracted from vehicle
trajectory, vehicle curb weight, brake types, and the market share information of brake pad materials based on local surveys. These
data serve as the inputs of the OpMode-based model to estimate the vehicle-level BWP emissions. Based on the above data and models,
a spatiotemporal analysis is applied to identify traffic and driving factors that affect vehicle BWP and mitigation efforts can be derived
herein.

3.1. Vehicle activity

3.1.1. Trajectory data processing

The vehicle activity data describe the typical characteristics of driving and braking behaviors (idling, coasting, acceleration,
braking, etc.) for drivers in a specific region. In this study, vehicle activity was extracted from ride-hailing GPS data due to their
sufficient sample size and extensive road network coverage (Wu et al., 2023). A 30-day ride-hailing trajectory dataset from November
1 to November 30, 2016, in Chengdu, China, was adopted to obtain the required driving activity data. The dataset was provided by
DiDi (https://web.didiglobal.com/), a company that offers app-based ride-hailing services across the country, which are performed by
registered taxis and regular passenger cars (Sun et al., 2018). As shown in Fig. 2, the dataset covers a 70 km? area in downtown
metropolitan Chengdu. The location coordinates, timestamps, and vehicle IDs of more than 200,000 ride-hailing orders per day were
recorded with a frequency of 2 to 4 s, consisting of 1.097 billion data records in total.

The trajectory data were processed by the following steps, including encoding, segmentation, map-matching, densification,
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Fig. 1. Flowchart of the methodology in this study.
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Fig. 2. Illustration of the study area and the road network of the metropolitan area.

calculation, smoothing, and filtering. In the map-matching procedure, trajectory points were aligned to the road network by PyTrack,
an open-source map-matching Python toolbox (Tortora et al., 2022). Kinematic parameters, including speed, acceleration, and vehicle-
specific power (VSP, in Eq.S1), were then calculated with the second-by-second driving record. The road grade, defined as the angle of
the elevation to the horizontal distance between two trajectory points in this study, was extracted from the 12.5-meter Digital
Elevation Model proposed by Alaska Satellite Facility (Alaska Satellite Facility, 2015). Details of processing steps are described in S1 of
the Supporting Information. In total, over 2.96 billion processed and map-matched trajectory samples from an average of 39,189
vehicles per day were obtained from the raw dataset. Note that more aggressive acceleration and braking behaviors may be observed in
the dataset due to more experienced drivers of ride-hailing vehicles. Nevertheless, the speed interpolation was performed to fill the
missing time points, which smooths potential aggression.

3.1.2. OpMode distribution and braking profile

Two types of vehicle activity data were obtained from the processed trajectory data, including the OpMode distribution and the
braking profile.

OpModes are defined to represent driving conditions and each of them is associated with an ER for each vehicle type with a specific
fuel type. We assigned trajectory points to each OpMode according to the definition in MOVES4, the most widely used OpMode-based
model. A total of 23 OpModes (see S2) were defined for light-duty running emissions with three types of operations: braking, idle, and
cruise-acceleration, which were further separated into different speed and acceleration bins.

The braking profile contains the braking frequency (#/km), braking fraction, and the distribution of braking deceleration (m/s?) of
the studied fleet. The braking frequency refers to the number of consecutive braking events within a unit distance. For second-by-
second data, the braking fraction is equivalent to the ratio of braking time during driving. These data describe how often and how
hard vehicles brake, and are used for adjusting the OpMode ERs. To distinguish braking and coasting in the deceleration phase, a
coastdown curve generated from the Physical Emission Rate Estimator was used (USEPA, 2020). All trajectory points with deceleration
below the coastdown curve were assumed as braking and otherwise low throttle deceleration.

3.2. Brake and vehicle specifications based on local survey data

Using online data mining techniques, we obtained the local distribution of vehicle curb weights, brake types, and the market share
of various brake pad materials. This comprehensive survey ensures our emission estimates are grounded in the local context.

The curb weight and brake type used for the ride-hailing fleet were obtained from Auto Home (https://www.16888.com/), a
website that provides monthly car sales data in China. We collected vehicle model sales and configuration parameters from January
2015 to November 2016 to represent the fleet characteristics in Chengdu as of November 2016, Four classes were considered: small car
(A0), compact car (A), mid-size car (B), and large car (C) (China Automotive Technology and Research Center, 2022). The detailed
definitions of these classes are listed in S3. Only internal combustion engine vehicles were considered due to the low market share (less
than 2 %) of electric vehicles at that time (Du and Ouyang, 2017). Sales data, curb weight, and front and rear brake type of 231 models
in total were extracted.
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Due to the lack of detailed investigation into the Chinese brake pad market, we conducted a survey using JD Mall (https://www.jd.
com), one of China’s largest e-commerce platforms, offering over eight thousand brake pad products from 17 brands. We used the
keyword “car brake pads” and selected parameters, including brand, material, and axle (front or rear), to obtain product information.
The number of comments was extracted to determine product popularity, which is highly correlated with sales (Ren et al., 2018).

The sales-weighted average curb weight of internal combustion engine LDVs is 1,350.98 kg, which is close to that in MOVES4
(1,497 kg) when considering the load of driver and passengers. Fig. 3 (a) shows the brake type ratio for both front and rear brakes. All
LDVs use disc brakes on the front wheels, while 22.28 % use drum brakes on the rear wheels. Some studies indicated that the BWP
emissions from drum brakes of the same vehicle type are about 12.05 % to 46.67 % of those from disc brakes (Garg et al., 2000;
Grigoratos et al., 2023; Storch et al., 2023). These results were used to adjust the estimated ERs in the model (Section 3.3). Fig. 3 (b)
shows that NAO brake pads dominate the Chinese market, with a market share of over 79 % for both front and rear brakes. SM brake
pads have the lowest market share at less than 3 %, while the LM brake pads have a similar market share for front and rear brakes at
about 17 %. Note that we included ceramic brake pads in the NAO category due to their comparable BWP emissions (Zhang et al.,
2024a).

3.3. BWP emission calculation

An OpMode-based BWP emission modeling framework was adopted in this study, which calculates on-road BWP emissions by
associating OpModes with ERs (g/hr/veh) to represent the “fleet average” emissions for specific driving behaviors. The modeling
framework was derived from that in MOVES4, which consists of two main procedures: fitting the ER-deceleration curve and assigning
ERs to OpModes. As shown in Fig. 4, several modifications were made to the modeling framework in this study and will be illustrated in
Sections 3.3.1 and 3.3.2.

3.3.1. Fitting the ER-deceleration curves

The ER-deceleration curves were fitted to estimate individual and instantaneous ERs at different deceleration rates to illustrate the
relationship between the average BWP ER and the average deceleration of braking of driving cycles. They were derived through a meta-
analysis of published articles that include measurements from brake dynamometer tests over the past 20 years. Given the impact of
brake pad materials on the BWP emissions, ER-deceleration curves were fitted for three materials (NAO, LM, and SM), respectively. S4
details the review process and summarizes the data from the meta-analysis.

Before fitting the curves, we first converted each measurement result to an EF of a single front brake, which was then converted to
an ER (mg/hr/brake) based on the test cycle parameters. A detail of the EF-ER transformation is provided in S4. We then obtained the
vehicle-level ER-deceleration curves through additional mixing and adjusting procedures that follow the assumptions based on the
local survey data:

a. 2/3 of the braking power (and thus emissions) is in front brakes and 1/3 in rear brakes, so the ER of rear brakes is assumed to be 50
% of the ER of front brakes (Grigoratos et al., 2023).

b. The market share of NAO, LM, and SM is 79.74 %, 17.75 %, and 2.51 % for front brakes; 81.87 %, 17.55 %, and 0.58 % for rear
brakes based on the local market survey.

c. All front wheels use disc brakes, 77.72 % of rear wheels use disc brakes, and 22.28 % of rear wheels use drum brakes. It is also
assumed that the PM;o BWP emissions of each rear drum brake are 30 % of the emissions of the rear disc brake.

The mixing and adjusting procedures were performed by Eq. (1) to Eq. (4) where d denotes the deceleration (m/s?). ER}ir'ﬁ;t(d),
(@

disc

front brake rear brake

(b)
NAO NAO

semi-metallic semi-metallic

low metallic low metallic

front brake pad rear brake pad

Fig. 3. Local survey results of (a) front and rear brake type ratio of internal combustion engine LDVs in the Chinese market from January 2015 to
November 2016, and (b) market share of brake pad materials for front and rear brakes from comments data in JD Mall, representing the market
preference in China.
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Fig. 4. Graphical illustration of OpMode ERs calculation in MOVES (top) and this study (bottom). Four modifications were made compared to
MOVES: M1. ER-deceleration curves were updated for each front brake based on the most recent measurements; M2. An ER-deceleration curve for
each vehicle was derived by mixing and adjusting according to local survey data; M3. Unique braking deceleration distributions for each OpMode
were considered, rather than using an overall distribution. M4. The average ER of each braking was derived for each OpMode instead of using an
average across all trajectories.

ER%s (d), ERIUm(d), and ERye,(d) denote the ER-deceleration curve (function) of single front disc brake, rear disc brake, rear drum
brake and the vehicle-level ER, respectively. Eq. (1) and Eq. (2) are consistent with assumptions a and b while Eq. (3) and Eq. (4) are
consistent with assumption c.

In Eq. (1), the ER-deceleration curves from a single front brake of three materials were mixed to an average curve for a single front
disc brake according to the market share in assumptions b. The same procedure was performed for the rear disc brake with an assumed
rear/front BWP emission ratio of 50 % in assumptions a for adjustment. The assumed drum/disc BWP emission ratio and brake type
ratio in assumption ¢ was used for generating the curve for a single rear drum brake in Eq. (3) and calculating the curve for a single
vehicle in assumption Eq. (4). An uncertainty analysis of the calculation and assumptions, provided in S11, estimates the potential bias
for OpMode ERs ranges from —12 % to + 17 %, while the bias for the average EF ranges from —3.3 to + 4.1 mg/km/veh.

ERf (d) = 79.74% - ER\o (d) +17.75% - ER[" (d) +2.51% - ERG" (d) e))
ER®C (d) = 50% - (81.87% - ER{o(d) +17.55% - ER[y"(d) + 0.58% -ER’;’,\”,,’”(d)) @
ERY™(d) = 30% - ERY (d) 3
ERyen(d) = 2 - ERjs, +2 - (77.72% - ER%se +22.28% - ERA") @

The vehicle-level ER-deceleration curve was fitted with the above assumptions and shown in S4. Note that the scope of analysis in
this study included only PM;( due to insufficient evidence to estimate the EF of PM, s, with its proportions relative to PM;( ranging
from 30 % to 80 % (Garg et al., 2000; Iijima et al., 2008; Storch et al., 2023; Woo et al., 2021).

3.3.2. OpMode ERs assignment

In this study, we consider the non-uniform braking deceleration distribution in different OpModes, distinguishing from MOVES4
which assigns a certain proportion of braking in each OpMode and an average ER of all braking events. This modification enables a
more accurate ER estimation according to different levels of deceleration as formulated in Eq. (5), where ER; is the ER (g/hr/veh) of
OpMode i. For OpMode i, f; represents the braking fraction and p; 4 represents the proportion of braking records with deceleration of
d € D among all braking records in this OpMode. The corresponding ER value of deceleration d € D on the ER-deceleration curve is
denoted as ER,;(d).

ER; = f; x ng SPid” ER,1(d), Vi € OpModes 5
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After assigning ERs to each OpMode, the total BWP emissions TE (g) at different aggregation scales (e.g., links, periods, and trips)
can be calculated by Eq. (6) where t; (hour) is the source hour of OpMode i. The corresponding EF (mg/km/veh) is then given by Eq. (7)
where D is the total mileage of vehicles (km) within a certain spatiotemporal frame.

TE= ZiEOpMDdEXti ’ ERi (6)
TE
EF = = 1000 @

3.4. Trip-based analysis and explainable machine learning

To explore the relationship between driving behavior and BWP emissions, a trip-based analysis based on explainable machine
learning was conducted. The processed data was divided into 500-meter trip segments, covering 2 to 3 urban blocks, to ensure suf-
ficient variation and braking events. Trip-level features, as listed in Table 1, were then calculated. Due to computational constraints,
we selected trajectory data from November 20 for analysis, as it had a near-average data volume and braking fraction. This resulted in
1.1 million trip segments being extracted from the trajectory data.

Trip segment data containing any braking event were used to train and test the XGBoost regression model, with the trip-based PM;
BWP EF as the dependent variable. The performance of the XGBoost model has been demonstrated in various machine learning
problems (Chen and Guestrin, 2016). Tree-based models, including the XGBoost, can be more accurate than deep learning models on
tabular-style datasets, and more interpretable than linear models due to model-mismatch effects (Lundberg et al., 2020).

Eighty percent of all samples were randomly selected for training and validation, while the remaining twenty percent were used for
testing. A grid search method with the 10-fold cross-validation was employed to tune the hyper-parameters of XGBoost with R? as the
evaluation metric. Both R? and root-mean-square-error (RMSE) were used to evaluate the model performance. They were calculated by
Eq. (8) and Eq. (9) where y; is the true value, y; is the corresponding predicted value of the i-th trip segment, and y is the mean EF of all
N samples. The closer the R? is to 1 and the RMSE is to 0, the better the model’s prediction performance.

N ~02
R(y,y :leizl(Vi*}:i) ®)
S N s
N-1 =2
RMSE — Zi:l%’\;_yi) ©

The well-trained model approximates the relationship between features and EFs, and its explanation involves understanding how
the model uses input features to make predictions. To better understand the impact of driving, braking, and road characteristics on
PM;( BWP EFs, the TreeExplainer in the SHAP (SHapley Additive exPlanations) framework was adopted (Lundberg et al., 2020). Based
on the cooperative game theory, this framework computed SHAP values for features in all samples representing their contributions to
the trip EF. Due to computational constraints, 100,000 samples were randomly selected to generate SHAP values. The summary plot
and dependence plot were employed to reveal the global importance of each feature, and the local feature dependence with individual
variability. It should be noted that although this method is widely used in many studies on nonlinear relationships between variables,
its results should be considered as inferences rather than verified conclusions, which need sufficient measurements and robustness
validation.

Table 1
Features and variables for training the XGBoost regression model.
Category Features Description Unit
Dependent variable PM,;, BWP EF The PM;o BWP EF of a trip. mg/km/veh
Driving behaviors Avg. speed The average speed in a trip. km/h
Speed std. The standard deviation of speed. km/h
Avg. acceleration The average acceleration in a trip. m/s>
Acceleration std. The standard deviation of acceleration. m/s>
Avg. VSP The average VSP in a trip. kw/t
VSP std. The standard deviation of VSP. kw/t
Braking behaviors Avg. decel. of braking The average deceleration of braking. m/s>
Avg. duration of braking The average duration of braking. s
Braking frequency Number of braking events per kilometer. #/km
Avg. initial speed The average initial speed of braking events. km/h
Idling fraction Fraction of idling time in a trip. —
Road characteristics Avg. road grade The average road grade of a trip. degree
Road grade std. The standard deviation of road grade. degree
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3.5. Multi-level temporal and spatial aggregation analysis

In this study, trajectory data were aggregated temporally by each day of the week and each hour of the day, and spatially by street
level and road types. At each aggregation level, statistics for driving, braking, and road characteristics, and the BWP emissions were
calculated. The map-matching process assigned each trajectory sample to road segments based on the coordinates. In this study, 14
road types listed in S6 were identified through map-matching and road geometry acquisition from OpenStreetMap (https://www.
openstreetmap.org/). A road map indicating the road type classification is shown in Figure S6-1. Urban intersections were classi-
fied as nodes in the road network with two or more edges due to unique trajectory features at intersections. For each intersection,
trajectories within a 20-meter radius were aggregated to represent its characteristics. Total BWP emissions of each road section were
then mapped with the Point-of-Interest (POI) extracted from OpenStreetMap to reveal the geographical correlation between BWP
hotspots and specific land use types.

4. Results
4.1. Network-wide PM;9 BWP EF

Using the ER-deceleration curve and braking profile, we assigned ERs to each OpMode (see S7) to estimate the network-wide PM;g
BWP EF in the study area. The trajectory-volume-weighted average PM;y BWP EF of ride-hailing vehicles on all road segments,
calculated by Eq. (7), reaches 27 + 4 mg/km/veh. While the average BWP emissions per braking in this study align with some lab-
oratory measurements at 1.7 mg (Garg et al., 2000; Sanders et al., 2003), the estimated EF significantly exceeds existing measurements
in brake dynamometer studies (2.9 to 8.1 mg/km/veh) and emission inventories (7 to 18.5 mg/km/veh).

Notably, in our research scenario, the average initial vehicle speed of braking (28.74 km/h) and average deceleration (0.83 m/s%)
are comparable to laboratory test cycle settings (see Table S7-S3). The elevated EF likely results from the high braking frequency of the
ride-hailing vehicles in the metropolitan area studied, where 85 % of the roads in the study area are urban unrestricted roads with
disruptions, such as intersections and pedestrian crossings. Consequently, the proportion of braking behaviors on unrestricted roads is
higher than on restricted roads such as motorways and expressways (Zhai et al., 2019). A source apportionment study also shows that
PM;o BWP EF in urban streets could be much higher than on freeways (Bukowiecki et al., 2010). Additionally, taxi or ride-hailing
drivers tend to accelerate and decelerate more frequently to gain speed advantages in congestion, resulting in higher deceleration/
braking fractions (30 % higher on average) (Zhai et al., 2019). We also found that the braking frequency in this study is much higher
than common test cycles, averaging 15.10 per km, compared to regulatory drive cycles (e.g., 1.47 for 3 h-LACT, 1.56 for WLTP-Brake,
1.82 for NEDC, 4.08 for WLTC (class 3), and 5.51 for FTP-75) (Chen and Tu, 2024). The evidence explains that the estimated EF is
higher than the literature, and provides a valuable reference for quantifying BWP emissions in urban areas. Nevertheless, more
empirical verification is required in future experiments.

4.2. Impact of trip-based features on BWP emissions

Figure S5 demonstrates the prediction performance of the XGBoost regression model in which the estimated EFs matched well with
the true values with an R? of 0.95 and an RMSE of 6.82 mg/km/veh. The SHAP summary plots in Fig. 5 indicate that the average road
grade is the most important feature influencing the trip-based EF. Driving characteristics including the braking frequency, the average

“ High
Avg. road grade - — | en —— o
Braking frequency -(‘ .
Avg. speed & . mﬂﬁ .
Avg. decel. of braking & R F S
Avg. duration of braking & - ]
Road grade std. & A [
VSP std. & o) > ]
Idling fraction & xam %
Avg. VSP B 3= iy
Acceleration std. & o oo
Speed std. g
Avg. acceleration @ <
Avg. initial speed @
T T T T T U T T T T Low
0.0 25 5.0 7.5 100  -50 0 50 100 150 200
Mean abs.SHAP value SHAP value
(feature il(rg;mrtance) (impact on ezgi)ssion factor)

Fig. 5. SHAP summary plot of (a) the global feature importance; and (b) distribution of SHAP values along with feature values. Each dot is colored
by the value of that feature from low (blue) to high (red). The closer to the right on the horizontal axis, the greater the SHAP value of this feature
value to EF.


https://www.openstreetmap.org/
https://www.openstreetmap.org/

Q. Chen et al. Transportation Research Part D 139 (2025) 104541

speed, the average deceleration of braking, and the fraction of braking also have a high impact on BWP emissions. Fig. 5 (b) illustrates
the individual impact of each feature on the trip-based EF for all samples. Each dot is colored by the feature value, ranging from low
(blue) to high (red), with dots positioned further to the right on the horizontal axis indicating a higher contribution for that feature to
EF. For example, the higher the braking frequency, the larger the SHAP value, indicating a positive effect on EF, whereas a lower
braking frequency corresponds to a smaller EF.

The SHAP dependence plots of the top 6 important features are shown in Fig. 6. The most influential factor is road grade, whose
impact can be elaborated from two aspects. First, a negative average road grade tends to increase the EF (Fig. 6 (a)) due to intense
braking behavior when driving downhill. This is opposite to exhaust emissions, which rise when driving uphill due to high engine load
(Gallus et al., 2017; Liu et al., 2019a). Second, variations in road grade lead to higher BWP emissions (Fig. 6 (b)) because they indicate
more downhill grades and potential braking events.

The influence of braking parameters is shown in Fig. 6 (c), (d) and (e). Frequent braking with aggressive deceleration and long
duration leads to high trip BWP emissions. Although frequent braking is usually found to be short and gentle (Figure S9-1), it still
generates high BWP emissions, implying more significant effects of braking frequency than individual braking intensity and duration.
This finding extends the result of previous research emphasizing the impact of braking intensity (Liu et al., 2022; Oroumiyeh and Zhu,
2021; Wei et al., 2022; Woo et al., 2021).

The average speed is strongly correlated with BWP emissions. Fig. 6 (f) illustrates that when the average speed is lower than 20 km/
h, there is a positive marginal effect on the EF. As speed increases, this effect gradually weakens, stabilizes, and eventually leads to a
slight reduction in EF. Although some dynamometer studies have found that higher initial braking speed, which is proportional to the
average speed (Figure S9-2 (a)), will increase BWP emissions per braking (Kim et al., 2020; Woo et al., 2021), the impact of speed may
be different when considering trip-level emissions. By examining the distribution of OpModes, we found that at high speed, the
proportion of coast and cruise/acceleration OpModes increases, while the proportion of the braking OpMode decreases (Figure S9-3).
Another evidence lies in the relationship between speed and braking frequency (Figure S9-2 (b)). The higher the driving speed, the
lower the braking frequency. In other words, driving at a low speed on urban roads generally involves frequent braking whose positive
effect on BWP EF was unveiled by the SHAP value. However, despite the reduced BWP emissions per braking event at low speeds, the
cumulative effect of frequent braking still results in higher overall BWP emissions.

4.3. Spatial BWP emission variations

After the spatial aggregation, the driving, braking parameters, and BWP EFs were assigned to the 2,409 road segments and 2,836
intersections in the study area. The average length of street segments is 679.2 m. Fig. 7 (a) displays the PM; EF of each street and road
type. The blue color of the 3rd ring road, the most important motorway in the Chengdu urban area, indicates its low EF, which
contrasts with the high EFs of the intersecting urban streets. The results of road type aggregation also show that the average EFs of
motorways and trunks are lower than 18 mg/km/veh, while the EFs of unrestricted roads are generally higher, followed by in-
tersections. This difference is amplified by the accumulation of trajectory volume. As shown in Fig. 7 (b) and (c), the daily PM;, BWP
emissions are mostly contributed by arterial roads with dense traffic and high EF, including primaries, secondaries, and tertiaries.
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Fig. 7. The spatial distributions and road type aggregation results of (a) PM;o BWP EF; (b) daily PM;, BWP emissions; (c) trajectory volume; (d) the
average speed; (e) braking frequency; (f) the average duration of braking; and (g) the average deceleration of braking in the study area. Road types
are sorted by the average PM;, BWP EF.

Another significant contributor is intersections, which generated 32.9 % of the total. In contrast, BWP emissions are relatively low in
residential streets due to low traffic volume. Note that this total BWP emissions only includes ride-hailing vehicles provided by the
dataset, instead of the whole fleet of the city. However, due to the advantage of random sampling and high coverage of road network,
the results from the ride-hailing dataset can adequately reflect the relative traffic conditions and spatial distribution of BWP emissions
but still need further verification with a full-sample test (Liu et al., 2019b).

According to the trip-level analysis in Section 4.2, these variations come from diverse driving speed and braking parameters. As
shown in Fig. 7 (d) to (g), roads with the highest EFs (usually urban streets) are typically characterized by low driving speed and high
braking frequency. For example, vehicles at intersections usually travel at a low speed (19.81 km/h on average) with frequent and
short braking events (36.19 times per kilometer, 1.71 s per time). Meanwhile, the distribution of high EF intersection hotspots is mostly
concentrated on the local roads (such as residential roads, links, and living streets, see Figure S6-2 and S6-3) where frequent stop-and-
go happens. On the contrary, the EFs are relatively low on motorways and trunks where vehicles run faster (33.29 km/h on average)
and brake infrequently (10.43 times per kilometer), while the emissions per braking on motorways and trunks are 1.33 times higher
than at intersections (1.70 mg/braking versus 0.73 mg/braking). Therefore, although the intensity of each braking on motorways and
trunks is greater, the cumulative amount is lower with less braking. As explained by SHAP, the similar spatial distributions of braking
frequency and EF also indicate a high correlation.

4.4. Temporal BWP emission variations

Fig. 8 (a) shows the aggregation results for each date. The average BWP EF on each day varies from 24.40 to 26.52 mg/km/veh,
with an average of 25.62 mg/km/veh. During the week, the EF usually reaches its lowest on Wednesday or Thursday and climbs to its
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Fig. 8. PM;o BWP emissions amount and EF of (a) each date; and (b) each hour of the day from temporal aggregation.

highest on Friday or Saturday whose EFs are 2.41 % higher than the other days. Compared to the daily variations, hourly changes in
BWP emissions are more significant. As shown in Fig. 8 (b), EFs between 0:00 and 7:00 are the lowest with an average of 22.33 mg/km/
veh. During the morning peak (7:00 to 9:00), they increase dramatically and remain at a high level from 9:00 to 19:00 with an average
of 26.33 mg/km/veh, followed by a slight decline after entering the night. The hourly PM;o, BWP emissions share a similar variation
with EFs.

The common feature of the daily and hourly variations is that EFs are higher during peak hours, Fridays, and Saturdays than in
other non-rush periods. Meanwhile, the daily BWP emissions are also high in these periods, with more travel demand and ride-hailing
requests (Figure S10-1). The explanation for these lies in the time-varying driving features (Figure S10-2). In rush periods, high traffic
volume and congestion reduce the average speed of the fleet and lead to frequent braking for car-following, both of which would lead
to high EFs, according to the previous analysis. Although harsh deceleration is more likely to occur during non-rush periods, their
contributions are eliminated by low braking frequency.

5. Discussions
5.1. The future of BWP emission modeling

In this study, the OpMode-based model establishes a link between braking behavior and BWP emissions. Compared with the
existing MOVES4 model, the proposed model improves ER estimation by considering braking deceleration distributions within each
OpMode with the updated ER-deceleration curve (as discussed in S8). However, challenges in the BWP emission modeling still need to
be addressed.

The first obstacle is the uncertainties of the ER-deceleration curve, which uses the drive-cycle-average braking deceleration to
predict ERs. Results under the same cycle are affected by unregulated test specifications, introducing great variations that could be
partially eliminated by adopting the new Global Technical Regulation of BWP emission measurements (Giechaskiel et al., 2024).
However, information on braking provided by cycle-based measurement is still limited, emphasizing the need for parameterized
measurements, which enables us to get rid of dependence on drive cycles for predicting BWP emissions from individual braking events
to the macro emissions (Rahimi et al., 2023). In addition, our results suggest that future driving cycles designed for braking tests should
include not only speed profiles but also braking frequency and intensity, which greatly impact the BWP with distinct regional and fleet-
specific characteristics.

Another problem lies in the contradiction between the current OpMode definition and the deceleration-dependent ER prediction.
The current OpMode definition follows the rule of exhaust emissions, while the application on BWP needs further classification. For
example, braking records in the current “braking mode” cover the deceleration range from approximately 1 m/s? to 4.5 m/s? and the
speed range from 3 km/h to 130 km/h, while the ERs are represented by only one value. The high proportion of braking in coasting also
reflects the inconsistency between the current definition of OpMode and braking detection. Brake-specific OpModes suitable for BWP
emissions need to be re-defined. Besides, braking detection methods should also be developed to facilitate the calibration of the power-
based coastdown curve for distinguishing braking and coasting.
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5.2. Potential impacts on vulnerable groups and mitigation efforts

The spatial emission distribution and the local POIs are illustrated in Fig. 9. BWP emission hotspots cover densely populated land
use, including residential, commercial, healthcare, and education areas, with significant correlations with healthcare and commercial
sites. Residents, especially vulnerable groups such as patients and children in these areas, will still face severe PM risk from BWP
emissions, even when exhaust emissions are eliminated. This finding has rarely been revealed in previous studies, while this study
uncovers the network-wide BWP hotspots for the first time, which largely extends the traffic-related air pollutant studies on the city
scale. Given existing policies targeting exhaust emissions to reduce residents’ exposure to pollutants, special attention should be paid
to the mitigation of BWP emissions, according to the findings of this study.

Previous analyses suggest that braking frequency and traffic volume may be the predominant factors affecting BWP emissions in
urban areas. High braking frequency is usually not an individual behavior but a fleet-wide driving pattern determined by road con-
ditions (Zhou et al., 2024). For instance, vehicles on congested urban roads and intersections brake more frequently than on mo-
torways. Therefore, reducing braking frequency is the key to the mitigation of BWP emissions. Although electric vehicles are claimed to
reduce braking events by more than 50 % through regenerative braking, their emission reduction effect, which is affected by their
excessive vehicle weight and unique emission characteristics, needs to be further quantified and verified (Beddows and Harrison,
2021; Liu et al., 2024; Mehlig et al., 2023; Zhang et al., 2024b). Beyond electric vehicles, other feasible measures to reduce stop-and-go
operations should be adopted, especially in signalized intersections, including advanced traffic control methods (through signal co-
ordination and adaptive timing) (Han et al., 2016), driving behavior guidance (through ecological driving and variable traffic in-
formation) (Li et al., 2024), and vehicle coordination (through vehicle platooning and autonomous driving) (Tu et al., 2019). Urban
policy measures such as low-emission zones and better road designs to restrict the use of high-emitters and high-emitting operations
can also be compared for the best practices to reduce road BWP. In that sense, the mitigation of BWP emissions shares similarities with
exhaust emissions, while the optimization objective is different due to the nature of the emission generation process. The effect on BWP
emissions can be more observable since exhaust emissions are also affected by factors such as fuel type, ambient temperature, and cold
start operation (Jiang et al., 2024; Tu et al., 2022). These can be evaluated by combining traffic and multi-source emission simulations
in the future (Naqvi et al., 2023).

This study recommends an average PM;o BWP EF of 27 + 4 mg/km/veh for ride-hailing vehicles in the urban area, which is 3 to 4
times higher than the upcoming EURO 7 limit of 7 mg/km/veh (Ntziachristos et al., 2022). While regional differences and model
uncertainties contribute to this high EF, it underscores the potential underestimation by current models and the challenge of meeting
ambitious emission targets. Laboratory-tested solutions must be validated in real-world conditions and local assessments on large
vehicle fleets to quantify their actual impact. In addition to BWP EF, more efforts should focus on quantifying its metallic composition
in the airborne concentration from the BWP due to its severe health impacts. Dispersion simulations, exposure estimations, and real-
world measurement verification should be tested in the future to construct a model chain for the impact assessment of non-exhaust
emissions.

6. Conclusions

This study presents a comprehensive analysis of the brake wear particle (BWP) emissions from light-duty vehicles in urban areas,
with a specific focus on ride-hailing vehicles. An operating-mode-based modeling framework was developed based on measurement
results in the last two decades. Utilizing a substantial ride-hailing vehicle trajectory dataset from Chengdu, China, the model was
applied with local survey data to estimate network-wide BWP emissions.

Our results reveal an average PM;( emission factor of 27 + 4 mg/km/veh for ride-hailing vehicles in the study area, which is
notably higher than previous findings due to frequent braking in the central city. A strong correlation was identified between the trip-
level BWP emissions and driving parameters. This also unveils the potential for BWP emission reduction through improved driving
behaviors and traffic management. The spatiotemporal analysis reveals that BWP emissions are concentrated in congested road sec-
tions and peak hours, which are typically characterized by high traffic volume and frequent braking. Meanwhile, the network-wide
BWP hotspots were uncovered for the first time, linking emissions to areas for vulnerable groups like healthcare facilities. Our
finding largely extends the traffic-related air pollutant studies on the city scale.

Our study reflects the urban environmental impact of ride-hailing vehicles after the removal of exhaust emissions in the future.
Further verification using diverse data sources, including roadside measurement, mobile sampling, up-to-date driving trajectory, and
local-context-based tests with different types of brake pads distinguished by factors such as components, brands, and use ages, is
required to improve the representativeness and accuracy of the proposed BWP estimation model. Investigation regarding vehicle and
brake specifications, including vehicle age distribution, brake pad materials, their lifespan, and braking control technology devel-
opment should be conducted using varied data sources from manufacturers and vehicle management agencies. The potential for
reducing BWP emissions in electric vehicles with greater mass and larger tire-road contact surfaces needs further exploration, espe-
cially in the context of rapid growth in traffic electrification. Furthermore, the modeling framework proposed in this study is expected
to be extended to encompass wear emissions from tire-road contact, as they are influenced by common factors such as vehicle mass,
kinematic parameters, and tire-road contact quality.

7. Code availability
Code for car sales data and market share data extraction are available at https://github.com/QiuziChen/car-sales-crawling.git and
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Fig. 9. Spatial distribution of points of interest in the study area with BWP emission hotspot. Four types of densely populated land use are plotted,
including residential, healthcare, education, and commercial. The heatmap indicates the daily BWP emissions from ride-hailing vehicles of each
hexagonal grid. The scatter diagrams show the linear correlation between grid daily PM;o BWP emissions with the number of corresponding land
use types, p-value < 0.05 indicating a significant correlation.

https://github.com/QiuziChen/jd-comments-crawling.git, respectively. Code for trajectory data processing and BWP emission
modeling are available at https://github.com/QiuziChen/brake-wear-emission-modeling.git.
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