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In this work, the particulate matter less than 10 μm (PM10) emissions from a medium-sized passenger vehicle’s
front brake wear were studied using a finite element analysis (FEA) and experimental approaches. The world
harmonised light-duty vehicle test procedure-brake (WLTP-B) cycle was chosen to simulate real-world driving.
An electrical low-pressure impactor (ELPI+) was used to count the brake wear particles on a brake dynamometer
sealed in a chamber. In addition, a machine learning method, namely, extreme gradient boosting (XGBoost), was
employed to capture the feature importance rankings of braking conditions contributing to brake wear PM10
emissions. The simulated PM10 emissions were quite consistent with the measured ones, with an overall relative
error of 9%, indicating that the proposed simulation approach is promising to predict brake wear PM10 during
the WLTP-B cycle. The simulated and experimental PM10 emission factors during the WLTP-B cycle were 6.4 mg
km− 1 veh− 1 and 7.0 mg km− 1 veh− 1, respectively. Among the 10 trips of the WLTP-B cycle, the measured PM10 of
trip #10 was the largest contributor, accounting for 49% of total PM10 emissions. On the other hand, the XGBoost
results revealed that the top five most important factors governing brake wear PM10 emissions were dissipation
energy, initial braking speed, final rotor temperature, braking power, and deceleration rate. From the perspective
of friendly driving behaviour and regulation, limiting severe braking and high-speed braking has the potential to
reduce PM10 emissions from brake wear.
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1. Introduction
Particulate matter (PM) has detrimental effects on not only human
health but also visibility and climate change (Fan et al., 2018; Kim et al.,
2015; Woo et al., 2021). Exhaust and non-exhaust PM from traffic are
considered to be the main sources of PM in urban areas (Grigoratos and
Martini, 2015; Oroumiyeh and Zhu, 2021). Exhaust PM is generated as a
consequence of the incomplete combustion of fuel and the volatilisation
of lubricants, whereas non-exhaust PM is generated as a result of brake
wear, tyre wear, road wear, and road dust resuspension (Chen et al.,
2020; Liu et al., 2022; Rodovalho and de Tomi, 2017). To meet the

increasingly stringent emission regulations, the majority of research has
put the spotlight on engine exhaust PM emissions. As a result, great
progress has been made regarding engine combustion and
after-treatment technologies, significantly reducing exhaust PM emis
sions. However, the non-exhaust PM emissions from brake wear, tyre
wear, and road wear are gradually increasing due to the increased
vehicle weight and absence of regulatory restrictions (OECD, 2020).
Recent investigations have shown that non-exhaust emissions associated
with traffic are comparable to or even more than the PM10 from engine
pipelines (Amato, 2018; Beddows and Harrison, 2021; Liu et al., 2021).
Among these non-exhaust emissions, PM10 from brake wear is a
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significant source of non-exhaust emissions. For instance, Gasser et al.
(2009) and Lawrence et al. (2013) reported that brake wear PM10
accounted for 21% of the PM10 emitted from road transport. According
to the European Environment Agency (EEA), 34% of the traffic-related
PM10 was caused by brake and tyre wear (EEA, 2018). Harrison et al.
(2012) stated that brake wear particles (BWPs) contributed up to 55% by
mass of non-exhaust PM10 near a major road in London. In addition,
BWPs contain a variety of metal components that are potentially
harmful to human health (Amato et al., 2014; Grigoratos and Martini,
2015). Thus, further research is required to better understand the gen
eration mechanism of BWPs, which will aid in developing the control
strategy.
Previously, BWPs were analysed mainly using a variety of testdriving cycles initially devised to measure vehicle exhaust gas emis
sions. For instance, Park et al. (2021) measured the BWPs on a brake
dynamometer under the worldwide harmonised light vehicle test pro
cedure. Zum Hagen et al. (2019) and Hagino et al. (2016) measured
BWPs under the Los Angeles city traffic driving cycle and Japanese
urban driving cycle on a brake dynamometer, respectively. Riva et al.
(2019) computed BWPs during the Los Angeles city traffic driving cycle
using a finite element analysis (FEA) approach. To the best of our
knowledge, however, limited studies were conducted regarding BWPs
under the world harmonised light-duty vehicle test procedure-brake
(WLTP-B) cycle. The United Nations Economic Commission for Europe
has recommended the WLTP-B cycle, developed by Mathissen et al.
(2018), as a standard driving cycle for measuring BWPs (Woo et al.,
2021). As a consequence, it is necessary to determine the difference in
BWPs between the existing driving cycles and the newly developed
WLTP-B cycle. In this context, BWPs were investigated using both FEA
and experimental approaches under the WLTP-B cycle. The purpose of
the simulation approach is to better understand what is occurring at the
pad-to-rotor contact during each braking and to compute brake wear
PM10 emissions. Furthermore, a machine learning method, namely,
extreme gradient boosting (XGBoost), was introduced for the first time
to explore the effect of braking conditions on BWPs.

2.2. Simulation methodology
Fig. 2 shows an overview of the proposed simulation methodology.
First, preprocessing operation consists of creating a three-dimensional
model, defining the material properties of different components and
setting the driving conditions. Thereafter, tribometer tests were run to
obtain the local particle rate with respect to normal contact pressure and
sliding velocity (pv-map) (Wahlström et al., 2017). This pv-map was
utilised as input data for the simulation of brake wear emissions. In
parallel, the brake wear emissions for each braking event of the WLTP-B
cycle were measured on a brake dynamometer. Finally, the experimental
results were compared to the FEA ones after post-processing operations.
A more detailed explanation will be given in the following sub-sections.
2.2.1. Disc brake system
Fig. 3 illustrates the whole disc brake system, consisting mainly of a
floating calliper and a grey cast iron rotor. The floating calliper includes
mainly two low-metallic pads, a calliper body, a carrier, a piston, and
two sliding pins. The internal and external radius for the disc braking
ring are 80 mm and 139 mm, respectively. The pad area is 5080 mm2
and the cylinder diameter is 57 mm.
2.2.2. Finite element analysis
The FEA was carried out using the commercial software ABAQUS
(Abaqus). Fig. 4 shows the meshed components of the disc brake system.
The carrier, calliper, and piston head were constructed using a parabolic
tetrahedral mesh, whilst the other components were constructed using a
linear hexahedral mesh. The size of the mesh was in the range of 2–8
mm, and the average size was 4 mm. The system pressure was applied to
the piston head and cylinder walls, and the rotational velocity was
applied to the disc. The applied pressure and the rotational velocity were
set based on each braking event of the WLTP-B cycle.
For each braking event during the WLTP-B cycle, a quasi-static FEA
analysis was carried out to calculate the contact pressure and slip rate of
every node and element between the disc and pads at every step of the

2. Simulation and experimental methods
2.1. Brake cases
The WLTP-B cycle was chosen as the test cycle, which was developed
based on an investigation of 700,000 driving data points gathered from
the European Union, the United States, India, Japan, and Korea. Fig. 1
shows the vehicle velocity profile of the WLTP-B cycle. This cycle takes
4 h 24 min, covers a distance of 192 km and consists of 303 braking
events divided into 10 trips. The braking deceleration rates for 303
braking events are in the range of 0.49–2.18 m/s2, and the average
braking deceleration rate is 0.97 m/s2. The average braking velocity is
43.7 km/h, and the initial braking temperature varies from 40 ◦ C to
175 ◦ C. More detailed information regarding each braking event is given
in the Supplemental Material.

Fig. 1. Vehicle velocity profile during WLTP-B cycle.

Fig. 2. An overview of the simulated approach.
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m) can be obtained when the sliding velocity and contact pressure of
notes are known. As a result, the brake wear mass emission for each
brake can be derived from the following equation (Riva et al., 2019):
mparticle = φPOD ⋅nELPI+(p,v)

Anodal
Apin

(1)

Where:
• nELPI+ is the mass rate of particle emission obtained from pv-map;
• Anodal is the area composed of several nodes in the brake pad (the
smallest element);
• Apin is the pin area;
• φPOD is the sampling efficiency during the experiment on pin-on-disc.
The simulation analysis was performed using computational fluid
dynamics to obtain a sampling efficiency of 80.1% for PM10 emissions in
the pin-on-disc experiment (Riva et al., 2017). Given that the contact
pressure and deceleration rate were assumed to be constant during every
braking event, each braking was able to be time-divided into n sub-steps,
as presented in the following equation:
(
)
n
∑
Anodal
mparticle = φPOD
nELPI+(p,v) ⋅ Δsi
(2)
Apin
i=1

Fig. 3. Single piston disc brake system.

where nsi is the sliding distance during a sub-step, which can be calcu
lated using the following linear motion equation, and constant decel
eration was assumed.
1
Δsi = vi Δt + aΔt2
2
Fig. 4. Meshed components of the disc brake system.

3

2.3. Brake dynamometer

braking. Abaqus Arbitrary Lagrangian-Eulerian adaptive meshing tech
nique was used to update the node positions after every step of each
braking event (Abaqus). The slip rate is directly proportional to the rotor
rotation velocity. As a result, the larger the radii of the disc, the higher
the slip rate, and the slip rate decreases gradually during each braking
event.

The experimental setup is shown in Fig. 6, which includes the brake
dynamometer, wind tunnel, and the measuring instrument for brake
wear emissions. This rotational weight mimicked a moment of inertia of
49.3 kg m2, which was equal to the curb weight of the vehicle plus 1.5
passengers and with an assumed brake force distribution of 60% on the
front axle. Moreover, the inertia was reduced by 13% with respect to its
nominal value of 56.7 kg m2 to take into account the vehicle parasitic
losses. A thermocouple was implanted at a depth of 0.5 mm in the disc to
detect the temperature. The entire brake system was sealed inside an
oval chamber. To keep the oval chamber particle-free, clean air was
provided using a high-efficiency particle air filter (HEPA H13). The air
mixed with brake wear particles escaped from the oval chamber into a
wind tunnel with a length of 3.5 m and a diameter of 150 mm. A sam
pling probe was mounted in the wind tunnel. The particle counter with
an electric low-pressure impactor (ELPI+) at a flow rate of 10 L/min was
used to monitor particle emission within the range of 0.004–10 μm. The
brake wear mass per stop was calculated directly from the particle size
and numbers, assuming spherical particles:
)
(
j=dn
∑
mi =
Nj ρVj
(4)

2.2.3. PM10 emission computation
Fig. 5 presents the pv-map of airborne particle mass rate that was
obtained by our partner’s previous work in the pin-on-disc experiments
(Wahlström et al., 2017). The pin and disc of the brake system were
made, respectively, from low-metallic pads and a grey cast iron. The
diameters of the cylindrical pin and disc are 10 mm and 60 mm,
respectively. In the pin-on-disc experiments, nominal contact pressure
was in the range of 0.3–1.2 MPa, and sliding velocity ranged from 1 m/s
to 4 m/s, corresponding to the calliper pressure between 0.6 MPa and
2.4 MPa.
The pv-map was used as an input for the FEA to calculate the particle
emission. From this map, the particle emissions per sliding distance (μg/

j=d1

i

where mi is the brake wear mass of the #i braking event, Nj is the number
of particles per braking event which have the size dj, ρ is density that was
supposed to be 1 g/cm3 (Riva et al., 2019), and Vj is the volume of
particles that have the size dj, assumed to be spherical. Prior to
measuring brake emissions, a run-in process of 350 brake applications
was performed to burnish the brake system surfaces. After the
burnishing process, the brake wear test was performed to obtain reliable
results (Park et al., 2021; Zum Hagen et al., 2019). The brake wear tests
on the brake dynamometer were repeated twice, and the maximum and
average deviations of the obtained PM10 emissions were found to be at
around 27% and 15% during the WLTP-B cycle, respectively.

Fig. 5. The mass rate map of the airborne particle (nELPI+) with respect to
normal contact pressure (p) and sliding velocity (v).
3
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Fig. 6. Brake dynamometer enclosed in a chamber and a device for measuring particles.

2.4. Machine learning model

Table 1
The determined parameters of the most optimised model.

A machine learning model (XGBoost) was used to capture non-linear
correlations between brake wear PM10 and braking conditions. The
XGBoost model is an ensemble tree-based machine learning algorithm
that can exhibit better performance since it is improved and optimised
on the basis of the gradient boosting model (Xu et al., 2020). This model
primarily consists of three parts, as presented in Fig. 7. In the first part,
the data collected from experiments was preprocessed and then feature
extraction regarding braking conditions was performed. The model
optimisation and cross-validation using GridSearchCV (Ahmad et al.,
2022; Pedregosa et al., 2011) were then performed to increase the model
accuracy and prevent overfitting after preprocessing of collected data
and feature extraction. The determined parameters for the most opti
mised model are summarised in Table 1. Subsequently, on the basis of
the optimised XGBoost model, the importance of braking conditions
affecting PM10 was identified.

Crucial parameters

Value

Learning rate
Min child weight
Sample subsampling rate
Maximum tree depth
L1 Regular Coefficient
L2 Regular Coefficient

0.2
3
0.4
3
0.08
1

3. Results and discussion
3.1. Brake wear simulation
Fig. 8 shows two examples (braking events #22 and #299) regarding
the contact pressure distribution of both piston and finger sides from
FEA analysis. The pressures in the cylinder of the calliper for these two
braking events were 0.39 MPa and 0.44 MPa, respectively. The output
simulation contour plots refer to the end of both the braking events. It
can be observed that the contact pressure contours for both the braking
events were quite similar. The contact pressure of the piston pad pre
sented an increase towards the disc inner side, which had a transversal
gradient from outer to inner side. On the finger side, the contact pressure
distribution showed a gradient from small to large radii.

Fig. 8. Contact pressure contour plots of the piston and finger sides of braking
events #22 and #299. Arrows indicate the rotating direction of the brake rotor.

From Fig. 8, the contact pressure distribution was observed to be
different on the sides of piston and finger pads. Such a phenomenon
could be possibly explained by the following factors: (1) the contact

Fig. 7. The framework of the proposed methodology.
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pressure applied to the piston side was different from the finger side
because the load was applied in different ways where the piston pushed
one pad into contact with the brake disc whereas the other was pushed
into contact with the brake disc by reaction of the floating calliper; (2)
the brake torque caused by the rotating disc might have an effect solely
on the pad of piston side since the piston side pressure was a gradient in
the tangential direction from outer to inner side; (3) due to the continual
change in rotational velocity, no steady-state condition was attained at
the end of every braking event. Thus, no uniform distribution of contact
pressure was achieved. Similarly, Riva et al. (2020) used an FEA
approach to observe that the contact pressure distributions acting on the
pads of the piston and finger side were different. The same phenomenon
was observed by AbuBakar and Ouyang (2008). In a study by Wahlström
et al. (2009), however, their contour plots of contact pressure distribu
tion were not the same as the results in our current work, which is
probably attributed to the fact that the impact of the floating calliper on
contact pressure was not considered in their study. The floating calliper
would induce asymmetric effects between the pads of finger and piston
side (Riva et al., 2019).
The piston and finger pad wear for braking events #22 and #299 are
shown in Fig. 9. The pattern of contour plots regarding pad wear was
similar for both braking events. Compared to the piston side pad, the
finger side pad showed slightly less wear. The wear of both side pads
showed a gradient increase from the inner to outer radii. The sliding
distance on the external radii is always larger, which may explain why
both side pads showed that the bigger the radius, the more wear could be
caused. A similar view was reported by Riva et al. (2019), who simulated
the brake pad wear using an FEA approach and found higher wear with
larger radii. Valota et al. (2017) simulated the brake pad wear of the disc
brake system with a fixed calliper in the SAE-J2707 cycle. It was found
that the pad wear was more uniform, but was centred predominantly in
the top portion of the contact region, which is not in line with our re
sults. It is likely to be attributable to the fact that the contact pressure
distribution was different when a fixed calliper was configured in the
brake system since the braking mechanism was not the same. Mamakos
et al. (2020) discovered that the measured PM for the brake system with
a fixed calliper was up to 50% higher than that with a floating calliper
during experimental tests on a brake dynamometer.

lower than the measured ones. Such a phenomenon was probably
ascribed to the following factors: the coefficient of friction between the
brake disc and pad kept changing during the brake dynamometer tests,
whereas the coefficient of friction in the FEA was set as constant; At a
high initial velocity, the measured PM10 emissions are partially from the
escaped particles due to brake drag (Hagino et al., 2016; Zum Hagen
et al., 2019), whereas the FEA approach has no way to consider this
effect of brake drag. Similarly, Riva et al. (2019) used an FEA approach
to study the brake wear emissions in the Los Angeles city traffic cycle
and found that the simulated results were lower than those from
experimental ones.
The total PM10 emissions for the measurement and simulation of
each WLTP-B trip are summarised in Table 2. The simulation results
showed that the total PM10 emissions were overestimated for trips 1, 6,
and 9, whereas the PM10 emissions for other trips were underestimated.
For each trip of the WLTP-B cycle, the relative error was all less than
20% between the measured and simulated results. The relative error of
the total amount of PM10 emissions during the WLTP-B was 9%. In
addition, total brake wear PM10 emissions during the WLTP-B cycle were
532.54 ± 24.43 mg using the gravimetric method, which was 12%
higher than that using an FEA approach. Among these trips, PM10
emissions from the trip #10 were the largest contributor, accounting for
49% of the total PM10 emissions during the WLTP-B driving cycle. This
may be attributed mainly to the following factors: (1) the trip #10 in
cludes 114 braking events, accounting for 38% of the total braking
events; (2) the majority of braking deceleration took place at high
speeds, resulting in increased PM10 emissions.
To further assess the correlation between the measured and simu
lated results, the square correlation coefficient (R2) and root mean
square error (RMSE) were assessed, as shown in Fig. 11. The values of R2
and RMSE were 0.93 and 0.018, respectively, which indicated that the
measured results in the brake dynamometer tests had a strong correla
tion with the simulated results. Based on the current results, overall, the
proposed approach for simulating brake wear PM10 emissions is prom
ising. In the follow-up studies, the following aspects are required to be
performed: (1) the simulation work for different brake systems will be
performed to completely validate the model; (2) the brake wear PM2.5
emissions will be predicted if a pv-map of the PM2.5 mass rate is available
and compared with measured results on a brake dynamometer; (3) the
number concentrations of PM10, PM2.5, and even PM1 will be evaluated
on a brake dynamometer; (4) the particle number of brake wear will be
explored using the proposed simulation approach if the pv-map is
available for the particle number rate with varying contact pressure and
sliding velocity. However, it is worth mentioning that the pv-map of
particle number rates does not include volatile nanoparticles because if
volatile nanoparticles are included, the measured results are difficult to
repeat and reproduce.
The emission factors from simulated and measured PM10 emissions
under the WLTP-B cycle were also calculated in the current work, as
illustrated in Table 3. It was found that the emission factors of the brake
system with low-metallic brake pad from a medium-sized passenger car
during the WLTP-B cycle were 6.4 mg km− 1 veh− 1 and 7.0 mg km− 1
veh− 1, respectively, in line with the data reported in most literature. For
instance, Beddows and Harrison (2021) estimated the PM10 emission
factor of brake wear using receptor modelling and reported that the
mean PM10 emission factor from passenger cars on urban, rural and
motorway roads was 6.2 mg km− 1 veh− 1. Piscitello et al. (2021) used the
same method to calculate the PM10 emission factor of 7.4 mg km− 1
veh− 1. The same result (7.4 mg km− 1 veh− 1) for the PM10 emission
factor was reported by the European Environmental Agency (EEA,
2019). In a brake dynamometer study by Iijima et al. (2008) and Garg
et al. (2000), they measured PM10 emission factors of 5.8 mg km− 1
veh− 1 and 5.2 mg km− 1 veh− 1, respectively. However, Sanders et al.
(2003) obtained a slightly higher PM10 emission factor of 8.1 mg km− 1
veh− 1 in a brake dynamometer test.

3.2. Measured and simulated PM10 emissions
Fig. 10 illustrates the simulated and measured PM10 emissions for
each braking event of the WLTP-B cycle. The brake wear PM10 emissions
were different for each of the 303 brake events due to the difference in
braking conditions. Among 303 brake events, the worst brake event in
terms of the measured and simulated PM10 was #295, which was from
133 km/h to 34 km/h with a deceleration of 1.82 m/s2 and the longest
sliding distance. In addition, most of the simulated PM10 emissions were

Fig. 9. Wear of the pads on the piston and finger side in the braking events #22
and #299. Arrows indicate the rotational direction of the brake rotor.
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Fig. 10. Measured PM10 emissions (a) and simulated PM10 emissions (b) for brake events 1–303.
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Similarly, two widely used evaluation indexes, R2 and RMSE, were
employed to evaluate the accuracy of the XGBoost model. The values of
R2 and RMSE were 0.94 and 0.009, respectively, which proves a strongly
positive relationship between the optimised XGBoost model and
experimental PM10 results. Thereafter, the XGboost was utilised to
measure the feature importance regarding braking conditions.
According to the modelling results, the top five features that pre
sented the highest importance on brake wear PM10 emissions are shown
in Fig. 12. The total energy dissipated per stop showed the largest impact
on brake wear PM10 emissions, followed by initial braking velocity, final
rotor temperature, braking power, and deceleration rate. Initial braking
velocity and deceleration rate can be classified as control parameters of
braking conditions as they can be governed by the driver; final rotor
temperature belongs to the response parameter; braking power and total
dissipation energy are derivative parameters as they are highly depen
dent upon braking conditions. Previous studies have revealed that these
parameters associated with braking conditions are closely related to
brake wear emissions, but the importance ranking of these parameters
has not been determined. For instance, Vojtisek-Lom et al. (2021)
investigated the impact of braking conditions on brake wear particles of
passenger cars on a brake dynamometer and found that these particles
strongly depended on the combined effects of rotor temperature,
braking power, and total energy dissipated. Zum Hagen et al. (2019)
reported that the BWP mass presented an exponential proportion to the
total dissipation energy during the stop. The brake wear emissions
during various test driving cycles were conducted by Woo et al. (2021),
who found that the brake wear emissions for each test driving cycle were
proportional to the brake energy dissipated and initial velocity. Park
et al. (2021) revealed that more brake wear particles were emitted at
higher velocity braking applications since the braking at higher velocity
generally corresponded to more energy dissipation. In a study by Gri
goratos and Martini (2015), high temperatures at the interface between
brake pads and rotor were found to cause the decomposition of brake
lining materials, which would promote the generation of ultrafine par
ticles. The same conclusion was reached by Perricone et al. (2019).
Nosko et al. (2015) performed an experimental analysis and confirmed
that temperature was a major factor affecting airborne PM of brake
wear. In addition, brake temperature exerted a substantial influence on
brake particle number concentrations, particularly at temperatures
higher than the critical temperature (Alemani, 2017; Alemani et al.,
2017; Mathissen et al., 2011, 2018). Limiting harsh and extreme braking
events would thus effectively mitigate the brake wear emissions. In
terms of brake deceleration rate, many studies have identified the sig
nificant impact on brake wear emissions (Hagino et al., 2016; Kwak
et al., 2013; Mathissen et al., 2011; Oroumiyeh and Zhu, 2021; Thorpe

Table 2
Measured and simulated PM10 results of each trip of the WLTP-B cycle.
Trip number
#

Measured PM10 (mg)

Simulated PM10
(mg)

Relative
error

Trip #1
Trip #2
Trip #3
Trip #4
Trip #5
Trip #6
Trip #7
Trip #8
Trip #9
Trip #10
Total

9.45 ± 1.42
89.09 ± 13.36
10.09 ± 1.51
81.15 ± 12.17
51.09 ± 7.66
0.03 ± 0.01
12.92 ± 0.65
11.63 ± 1.74
0.13 ± 0.02
245.78 ± 36.87
511.37 ± 76.71 (ELPI)
532.54 ± 24.43 (Gravimetric
method

11.14
77.57
9.81
64.60
48.12
0.04
11.04
11.25
0.16
233.42
467.15
467.15

− 18%
13%
3%
20%
6%
− 7%
15%
3%
− 17%
5%
9%
12%

Fig. 11. Correlation between measured and simulated PM10 emissions.
Table 3
Summary of the PM10 emission factors (EFs) from brake wear.
Reference

Data sources

PM10 EFs (mg km−
veh− 1)

Present work
Present work

Simulation study
Brake dynamometer
study
Receptor modelling

6.4
7.0

Receptor modelling
Emission inventory
Emission inventory
Receptor modelling

7.4
7.4
7.0
9.3

Brake dynamometer
study
Receptor modelling
Brake dynamometer
study
Brake dynamometer
study

5.8

Beddows and Harrison
(2021)
Piscitello et al. (2021)
(EEA, 2019)
NAEI (2018)
Timmers and Achten
(2016)
Iijima et al. (2008)
Dahl et al. (2006)
Sanders et al. (2003)
Garg et al. (2000)

1

6.2

7.4
8.1
5.2

3.3. Effect of braking conditions on PM10 emissions
The XGBoost model was used to capture the non-linear correlations
and explore the effect of braking conditions on brake wear PM10 emis
sions under the WLTP-B cycle. The measured 303 PM10 emissions and
corresponding braking conditions were used as the analysis database.

Fig. 12. Feature importance ranking based on XGBoost outputs.
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and Harrison, 2008). To the best of the authors’ knowledge, no research
was reported regarding the importance rankings of these factors that
contribute to the brake wear PM10 emissions. It is, however, worth
mentioning that even though the XGBoost model can evaluate the
importance ranking of braking conditions affecting brake wear PM10
emissions, it remains unclear how each variable of braking conditions
quantitatively determines output results. In our follow-up work, it is
required to quantitatively identify relationships between braking con
ditions and brake wear emissions.
In addition, previous studies have demonstrated the effects of vehicle
types on brake wear emissions. For instance, Garg et al. (2000) revealed
that brake wear particles from large pickup trucks were more than twice
that of small cars. In addition, they found that the total suspension
particles, PM2.5 and PM10 from larger passenger cars were 55% more
than those from small passenger cars. The U.S. Environmental Protec
tion Agency (EPA, 2014) distinguished brake wear PM2.5 and PM10
emission factors from passenger cars and passenger trucks and reported
that the latter emitted 67% more PM10 and PM2.5 brake wear emissions.
The European Environment Agency (EEA) published an emission in
ventory guidebook (Ntziachristos and Boulter, 2013). It was found that
the emissions factors of PM10 and PM2.5 from light-duty vehicles were
57% higher than those from passenger cars.

the work reported in this paper.
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Fan, Y.V., Perry, S., Klemeš, J.J., Lee, C.T., 2018. A review on air emissions assessment:
Transportation. J. Clean. Prod. 194, 673–684.
Garg, B.D., Cadle, S.H., Mulawa, P.A., Groblicki, P.J., Laroo, C., Parr, G.A., 2000. Brake
wear particulate matter emissions. Environ. Sci. Technol. 34 (21), 4463–4469.
Gasser, M., Riediker, M., Mueller, L., Perrenoud, A., Blank, F., Gehr, P., RothenRutishauser, B., 2009. Toxic effects of brake wear particles on epithelial lung cells in
vitro. Part. Fibre Toxicol. 6 (1), 1–13.
Grigoratos, T., Martini, G., 2015. Brake wear particle emissions: a review. Environ. Sci.
Pollut. Control Ser. 22 (4), 2491–2504.
Hagino, H., Oyama, M., Sasaki, S., 2016. Laboratory testing of airborne brake wear
particle emissions using a dynamometer system under urban city driving cycles.
Atmos. Environ. 131, 269–278.
Harrison, R.M., Jones, A.M., Gietl, J., Yin, J., Green, D.C., 2012. Estimation of the
contributions of brake dust, tire wear, and resuspension to nonexhaust traffic
particles derived from atmospheric measurements. Environ. Sci. Technol. 46 (12),
6523–6529.
Iijima, A., Sato, K., Yano, K., Kato, M., Kozawa, K., Furuta, N., technology, 2008.
Emission factor for antimony in brake abrasion dusts as one of the major
atmospheric antimony sources. Environ. Sci. Technol. 42 (8), 2937–2942.
Kim, K.-H., Kabir, E., Kabir, S., 2015. A review on the human health impact of airborne
particulate matter. Environ. Int. 74, 136–143.
Kwak, J.H., Kim, H., Lee, J., Lee, S., 2013. Characterization of non-exhaust coarse and
fine particles from on-road driving and laboratory measurements. Sci. Total Environ.
458, 273–282.

4. Conclusions
This work focuses on the brake wear particle emissions of a mediumsized passenger vehicle under the WLTP-B cycle using FEA and experi
mental approaches. Moreover, a machine learning method (i.e.
XGBoost) was employed to capture the importance rankings of braking
conditions contributing to PM10 emissions from brake wear. The FEA
results showed that the contact pressure on the piston side showed a
transversal increase from outer to inner side, whilst the contact pressure
on the finger side increased gradiently from small to large radii. The
brake pad wear depth presented a gradient increase from small to large
radii. In addition, the simulated and measured PM10 results showed
good agreement overall, with a relative error of 9% and 12%, respec
tively, although the simulated results were underestimated relative to
the measured ones. It means that the proposed simulation approach
appears to be capable of computing brake wear PM10 emissions under
the WLTP-B cycle. The simulated and experimental PM10 emission fac
tors were 6.4 mg km− 1 veh− 1 and 7.0 mg km− 1 veh− 1 during the WLTP-B
cycle, respectively. Among the 10 trips of this cycle, trip #10 contrib
uted up to 49% of the total PM10 emissions. Furthermore, the XGBoost
results indicated the top five most important parameters affecting the
brake wear PM10 emissions, which were the dissipation energy, initial
braking speed, final rotor temperature, braking power, and deceleration
rate. From friendly driving behaviour and regulation perspective,
limiting severe braking and high-speed braking has the potential to
reduce PM10 emissions from brake wear.
CRediT authorship contribution statement
Ye Liu: Investigation, Methodology, Data visualisation, Writing –
original draft. Sijin Wu: Software, Formal analysis, Writing – review &
editing. Haibo Chen: ConceptualizationConceptualisation, Funding
acquisition, Project administration. Matteo Federici: Resources, Data
curation, Writing – review & editing. Guido Perricone: Resources, Data
curation. Ying Li: Methodology, Writing – review & editing. Gang Lv:
Software, Data curation, Writing – review & editing. Said Munir:
Writing – review & editing. Zhiwen Luo: Writing – review & editing.
Baohua Mao: Writing – review & editing.
Declaration of competing interest
The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
8

Y. Liu et al.

Journal of Cleaner Production 361 (2022) 132278
Piscitello, A., Bianco, C., Casasso, A., Sethi, R., 2021. Non-exhaust traffic emissions:
sources, characterization, and mitigation measures. Sci. Total Environ. 766, 144440.
Riva, G., Valota, G., Perricone, G., Wahlström, J., 2019. An FEA approach to simulate
disc brake wear and airborne particle emissions. Tribol. Int. 138, 90–98.
Riva, G., Varriale, F., Wahlström, J., 2020. A finite element analysis (FEA) approach to
simulate the coefficient of friction of a brake system starting from material friction
characterization. Friction 9 (1), 191–200.
Riva, G., Wahlström, J., Alemani, M., Olofsson, U., 2017. A CFD Study of a Pin-On-Disc
Tribometer Setup Focusing on Airborne Particle Sampling Efficiency, ECOTRIB
2017, 6th European Conference on TRIBology 7–9 June 2017, Ljubljana, Slovenia.
Rodovalho, E.d.C., de Tomi, G., 2017. Reducing environmental impacts via improved
tyre wear management. J. Clean. Prod. 141, 1419–1427.
Sanders, P.G., Xu, N., Dalka, T.M., Maricq, M.M., 2003. Airborne brake wear debris: size
distributions, composition, and a comparison of dynamometer and vehicle tests.
Environ. Sci. Technol. 37 (18), 4060–4069.
Thorpe, A., Harrison, R.M., 2008. Sources and properties of non-exhaust particulate
matter from road traffic: a review. Sci. Total Environ. 400 (1–3), 270–282.
Timmers, V.R.J.H., Achten, P.A.J., 2016. Non-exhaust PM emissions from electric
vehicles. Atmos. Environ. 134, 10–17.
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