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ARTICLE INFO ABSTRACT

Keywords: Brake emissions have gained increasing attention over the past twenty years. Still, due to the inherently transient

Bra‘ke. and complex nature of brake emissions, advanced modeling techniques are necessary but remain limited in the

EMm:;SI‘_O“S existing literature. In this study, randomized tests were conducted on a reduced-scale dynamometer with braking
odeling

Neural network

parameters within the domain of the Worldwide Harmonized Light Vehicles Test Procedure (WLTP). Emissions

were measured using an Optical Particle Sizer (0.3-10 pm) and modeled with a Neural Network (RNN) featuring
an ad hoc recurrent architecture. The RNN model comprises: 1) an Internal State, s, which describes the bedding-
in process and surface-state transitions caused by changes in braking parameters, and 2) a stationary component,
ep, which depends solely on dissipated energy and brake deceleration. WLTP data were used to test the model.
Additional randomized tests were then conducted, yielding strong R? values ranging from 0.96 to 0.99 for cu-
mulative emissions and lower values of 0.55 to 0.60 for individual events.

1. Introduction

In recent decades, non-exhaust emissions have garnered increasing
attention, as their relative contribution to air quality has become sig-
nificant. Non-exhaust and wear-related emissions from brake materials,
tires, road surfaces, and their resuspension contribute significantly to
ambient PM10 and environmental release [1]. Regarding brake wear,
studies have shown that in urban environments, it can contribute up to
55% of non-exhaust PM10 emissions by mass [2], and up to 21% of total
traffic-related PM10 emissions [3-5]. Approximately 40-50% of brake
wear is estimated to become airborne particles, with 80-98% falling
within the PM10 range and 56-70% within the PM2.5 range [6].

While pioneering studies on brake wear particles were conducted in
the early 2000s [7,8], the first regulatory measure targeting non-exhaust
emissions is expected to come into force in 2026 with the implementa-
tion of EURO 7, which introduces PM10 emission limits for light-duty
vehicles. Recent and ongoing research has primarily focused on the in-
fluence of materials [9-13], particulate matter characterization
[14-18], and testing aspects [10,19-23]. Brake emissions are charac-
terized by a combination of transient and history-dependent phenom-
ena, including bedding-in processes [10,14,24-27], surface-state
transitions induced by changes in braking parameters, and complex
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interactions between operating conditions and tribological interfaces
[11,19,28-30]. These effects lead to non-stationary emission behavior
that is hardly captured by steady-state or purely energy-based models
alone.

Straightforward mitigation strategies are closely linked to emission
sources. Regarding the brake material impact, Non-Asbestos Organic
(NAO) brake pads already display low-emission characteristics [9,11,12,
16,22,23,31]. In contrast, low-metallic pads likely require modifications
to their composition or coupling with counter face discs that provide
improved wear resistance compared to conventional cast iron discs
through chemical modifications, surface treatments [32], or the depo-
sition of hard metal coatings [12,13,26,33].

The selection of brake couples with low-emission characteristics is
crucial because it directly reduces emissions at the source. In addition to
material solutions, other mitigation strategies focus on hardware or
system design. For instance, the adoption of drum brake systems is likely
to reduce emissions, as their enclosed design is inherently more effective
at limiting the release of particulate matter compared to disc brake
systems [13,34]. Alternatively, brake particle collection filters are being
developed to directly capture emitted particles, using either grooved
brake pad designs [35,36] or enclosed configurations surrounding the
disc [37-39].
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Besides these strategies, software-based approaches that utilize prior
knowledge of the relationship between driving style and emission levels
can lower emissions through optimized decelerations. However, evalu-
ating their effectiveness and integrating them into vehicle systems is
complex, especially due to safety regulations and system architecture
limitations. Although these solutions have not yet been widely imple-
mented in industry, they hold significant promise, particularly within
the context of software-defined vehicles (SDV) and Cooperative, Con-
nected, and Automated Mobility (CCAM).

Related to the latter mitigation strategy, software-based brake sys-
tems require emission models to optimize brake strategies. In the au-
thors' opinion, although the literature is extensive in experimental
studies, predictive models are limited, and current knowledge is insuf-
ficient to support the development of software-based solutions.

Understanding the influence of the braking parameters is key to
modeling emission behaviors, and although several efforts have been
made, there still exist open questions and contradictory results. For
instance, the influence of brake deceleration or pressure was found to
increase PN10 [28,40] while other studies reported no significant or
lower impact [11,30].

A physical correlation is generally expected between dissipated en-
ergy and particulate matter emissions [22,41,42]. Kinetic energy scales
with the square of the velocity and with vehicle mass. With respect to
vehicle mass, or load, a few studies [22,30,43] evaluated identical
friction materials under different load conditions and observed a linear
positive correlation between load and particulate emissions. Whereas
other studies [43,44] have identified slightly sub-linear relationships
between vehicle mass and PM emissions, suggesting that heavier vehi-
cles do not increase emissions proportionally. As a final remark on the
influence of vehicle load, the review study [9] conducted a database
analysis and reported a weak correlation between vehicle load and
PM10 levels, which may be attributed to the significant variability in
friction material compositions.

Linear relationships between dissipated energy and emissions have
also been reported in the studies by Park et al. [45] and Men et al. [41].
However, the influence of velocity on emissions is not simple. In this
regard, Nieman et al. [28] and our previous work [11] identified cubic
relationships, indicating that velocity may contribute to PM emissions in
a nonlinear manner. These power-law trends are broadly consistent with
experimental observations [40,42]. Overall, the complexity of the brake
emission phenomenon is influenced not only by energy and velocity, but
also by factors such as material history [19] and surface conditions [46].

Regarding the influence of temperature (T) on brake emissions, the
transition temperature for ultrafine particle formation is a critical
characteristic. It typically occurs above 170-200 °C [47,48], beyond
which PN emissions may escalate by orders of magnitude. The studies
[19,41] have reported positive correlations between temperature and
both PM10 and PN10 emissions, noting strong sensitivity that depends
on the specific friction materials and material history [19]. Conversely,
on-road driving measurements have shown no significant effect of
temperature on PM10 emissions, and a recent study [49] found that
including the pad temperature did not significantly improve the accu-
racy of the wear model.

In the context of emission modeling, Niemann et al. [28] developed
an advanced brake cycle based on drag-operated braking events to
investigate the influence of history effects and braking parameters on
the emission behavior. These aspects are particularly noteworthy, as
braking conditions such as velocity, contact pressure and temperature
govern the surface characteristics, which in turn influence brake per-
formance and emission behavior. Notably, as part of this investigation,
the authors developed a black-box model that predicts particulate
emissions during the WLTP cycle with an accuracy of 80%.

Men et al. proposed a parametrization of PM emission based on en-
ergy dissipation and other tribological considerations [41]. Power-law
relationships based on initial velocity [41,42] and dissipated energy
[12] were used to enhance model accuracy and to enable meaningful
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comparisons between the WLTP and other driving cycles, respectively.

Considering the nonlinear and complex relationship between
braking parameters and emissions, as well as the transitional nature of
emissions, Machine Learning (ML) and Deep Learning (DL) approaches
have strong potential. However, only a few have specifically applied
them to brake emissions. Wei et al. [50] applied various ML algorithms
to a dataset of approximately 200 braking events under urban driving
conditions. At the same time, Ye Liu et al. [44] employed a gradient
boosting technique on WLTP data to evaluate the effect of braking pa-
rameters. Additionally, it is worth noting that Ye Liu et al. [51] devel-
oped an emission model based on pin-on-disc experiments conducted
under varying pressure (P) and velocity (V) conditions. The resulting PV
maps were then integrated into a Finite Element Analysis (FEA) frame-
work to predict PM emissions from a WLTP brake cycle with a relative
error of 9-12%

Regarding the application of deep learning techniques, Ricciardi
et al. [52] employed an Artificial Neural Network (ANN) on vehicle
data. Our previous study [53] utilized an ANN on dynamometer data,
which was then fed into a simulator to predict emissions at road in-
tersections based on vehicle dynamics. While advances in brake emis-
sion modeling remain limited overall, recent contributions point toward
a growing use of data-driven methodologies to address the complexity of
brake emission behavior.

1.1. Contribution

To capture the transient nature of the phenomenon, this paper em-
ploys a Recurrent Neural Network (RNN) trained on experimental
emission data within the fine-coarse particle fraction range of 0.3-10
pm. We break down emissions into two components: a stationary
component, which is modeled as a function of brake deceleration and
dissipated energy, and a dynamic component, which uses a state vari-
able to capture non-stationary dynamics through a multiplicative
emission factor. This state captures both long-term (i.e., bedding) and
short-term emission fluctuations resulting from the sequence of braking
events. The training examples were generated by randomly selecting
braking parameters from the WLTP domain and were evenly distributed
within it. The model is explicitly designed with two inputs: dissipated
energy and brake deceleration. However, since it's a dynamical model,
the sequence of inputs also plays a role, which is captured by the varying
state variable. We evaluated the model's accuracy for both individual
brake events and cumulative emissions. Finally, we discuss the model's
implications and challenges for brake emission modeling and its appli-
cations in real-world settings.

2. Experimental procedures
2.1. Brake materials and dynamometer

In this study, a commercial resin-based low-metallic Cu-free brake
friction material was used for the tribological tests. The samples have a
rectangular geometry (12 mm x 30 mm) and were cut from a com-
mercial pad (Fig. 1). The disc sample is made of pearlitic cast iron with a
hardness of 235 HV10. The samples have a diameter of 120 mm, a
thickness of 6 mm, and an effective test radius of 50 mm.

The tribological tests were carried out with the reduced-scale
dynamometer LINK model 1200, shown in Fig. 2a. A view of the
chamber with the pad and disc in contact is depicted in Fig. 2b. To
ensure the same specific brake energy and similar local conditions of
sliding velocity and contact pressure as those of a reference vehicle, in
this case a D-segment, a mechanical similitude is used to determine the
actual brake parameters, such as shaft rotational speed, inertia, and
applied pressure. More details on the scaling relationships and material
compositions can be found in the previous study [11,54]. The temper-
ature of the disc was monitored with a K-type thermocouple.
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50 mm

Fig. 1. Friction materials and brake disc samples.

Fig. 2. LINK M1200 reduced-scale dynamometer (a) and internal view of the
chamber with pad and disc in contact (b).

2.2. Brake cycles

To create the training and test data, we employed two brake cycles:
WLTP and Randomized brake cycles.

2.2.1. WLTP cycle

Through statistical analysis of an in-use driving database, the
Worldwide Harmonized Light Vehicles Test Procedure was developed to
closely represent real-world driving conditions [55]. The related data
consists of 303 brake events. The average speed is 43.7 km/h, and the
maximum initial vehicle speed is 132.5 km/h, while the brake decel-
eration ranges from 0.49 m/s? to 2.18 m/s?, with a mean value of 0.97
m/s. Detailed brake parameters are presented in Fig. 3 as cumulative
distribution functions of initial, final velocities, speed variation, and
brake deceleration.

In the WLTP brake cycle, the procedure for the surface pre-
conditioning, or bedding, involves repeating the brake cycle five times
to stabilize friction and emissions before the actual test.

In this cycle, the brake stops are predefined, both in the order of the
events and in the parameters of each event, which limits the ability of
any data-driven method to learn and generalize to a broader range of
events and ordering.

2.2.2. Randomized brake cycles

To avoid deterministic patterns in the sequence of braking events and
to uniformly sample the WLTP parameter space, randomized brake cy-
cles were introduced. While the standard WLTP preserves representative
driving patterns, randomization enables improved generalization by

Wear 592 (2026) 206593

1 1 :
>, 0.8 1 08} ]
=
2
< 06 106} ]
—
=}
2
%04 1 04t ]
g
=]
O 0.2} V. h 02t ]
_Vf
-
0 A 0 - -

20 60 100 0 1 2
Velocity (km/h) Deceleration (m/s?)

Fig. 3. Cumulative distribution function of the initial, final velocities and speed
variation (left), and brake deceleration (right) in the WLTP brake cycle.

decorrelating successive events. History effects neglected by randomi-
zation are explicitly captured by the internal state variable, s, which
represents the evolving surface condition and retains memory of prior
braking events.

Because the final velocity cannot be negative, the set of mean
velocity-speed variations forms a trapezoidal domain, as shown in
Fig. 4, with data points evenly distributed throughout the area. The
speed variation ranges from 10 to 65 km/h, while the mean speed varies
from 10 to 125 km/h. Then, to build the brake cycle, the initial and final
vehicle speeds are calculated and combined with uniform distribution
values for the brake deceleration in the range of 0.4-2.2 m/s2, which is
similar, as mentioned, to that of the WLTP cycle.

Table 1 gives an example of the braking parameters and the
measured output for a randomized test.

2.2.3. Datasets

We used two randomized brake cycles and three WLTP cycles, as
shown in Table 2. Dataset 1 was used for training, while the remaining
datasets were used for testing the model. Dataset 3 consists of four
repetitions of the WLTP cycle, while Dataset 4 is the fifth repetition.
Dataset 5 includes seven repetitions of the modified WLTP. Fresh sam-
ples were used in datasets 1, 2, 3, and 5.

In both WLTP and Randomized tests, braking is applied in deceler-
ation mode. The fixed sequence of brake stops and the intensity of each
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Fig. 4. Mean vehicle speed versus speed variation in the randomized
brake cycle.
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Table 1
Example of the braking parameters and outputs for the Randomized test A.
vo (km/h) v¢ (km/h) d (m/s?) T (°C) Timax CC) Duration (s)
67.5 21.3 0.60 113.2 130.8 21.61
105.9 43.3 2.14 106.6 179.1 8.282
46.9 23.4 1.15 126.3 137.4 5.807
87 67.8 1.24 113.1 141.3 4.42
67.2 49.5 2.25 109.5 132.3 2.308
119.3 87.8 1.26 103.1 168.8 7.021
Table 2
Datasets of the study.
Dataset 1 2 3 4 5
Randomized A Randomized WLTP 1- WLTP 5 Mod.
(training set) B 4 (four (after WLTP 1-7
WLTP bedding with ~ (seven
cycles) the four WLTP
WLTP cycles)
cycles)
Brake 2772 1963 1212 303 2121
stops

stop in the WLTP cycle determine the disc temperature evolution during
the test, which generally stays below 140-170 °C with peaks below
170 °C [55].

During the randomized brake test of the WLTP, brake stops were set
at intervals of 50-60 s to prevent overlap in the emission signals and to
limit the brake disc temperature. This interval strikes a balance between
avoiding excessive overheating of the brake discs, which can occur due
to frequent high-intensity braking, and keeping the test duration
reasonable. As described in Section 3.3, this time interval allows the
emission signal to return to baseline before the subsequent brake stop is
applied, ensuring that emissions from different brake stops do not
overlap and each brake stop is associated with its emission value. In
addition, to avoid emission signal overlaps in the WLTP cycle (see sec-
tion 2.3), in one dataset (Mod. WLTP 1-7), the WLTP cycle was modified
to extend the brake cycle to a minimum interval of 40 s.

Fig. 5 compares the cumulative distributions of the disc temperature
for the tests: Randomized (A and B), the WLTP, and the Modified WLTP.
During the WLTP braking events, the average disc temperature was
69.6 °C, with a peak temperature reaching 162 °C. In comparison, the
Modified WLTP yielded slightly lower disc temperatures, with an
average of 62.5 °C and a maximum of 159.7 °C. The increased cycle time
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Fig. 5. Cumulative distribution functions of the disc temperature for the Ran-
domized tests and WLTP.
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for the selected brake stops allowed for longer cooling intervals between
braking events, resulting in reduced thermal buildup and overall lower
disc temperatures. In contrast, the randomized test resulted in signifi-
cantly higher disc temperatures, with an average ranging between 148
and 150 °C and with approximately 10% of the maximum disc tem-
peratures falling between 200 °C and 248 °C.

2.3. Emission measurement

Fig. 6 shows a schematic representation of the experimental setup for
emission measurements, comprising the fan, HEPA filter, test chamber,
sampling lines, and the Optical Particle Sizer (OPS). Airborne particles
were measured using a TSI® OPS, which detects concentrations of
concentrations up to 3000 particles/cm® within the 0.3-10 pm size
range. The measurements are recorded across 16 size channels at a
frequency of 1 Hz. The sampling point was placed 1 m from the chamber
outlet, and isokinetic conditions were maintained during measurements.
A diluter was connected upstream of the OPS to introduce a dilution
factor of 10 in the airflow. The emission values are expressed to account
for the applied dilution factor. The inlet airflow velocity was approxi-
mately 1.1 m/s, corresponding to an airflow of about 0.8 m®/min and an
air exchange rate of 20 times per minute. Additional details of the set-up
can be found in the previous study [25].

The evolution of emitted particles was determined by synchronizing
the OPS data with the data acquisition system of the dynamometer. The
cumulative particle numbers for each size bin were obtained by sum-
ming the particle counts until the signal returned to the baseline. As
shown in Section 2.4.2, we develop a model that predicts emission
volumes. Therefore, the particle counts were converted to spherical-
equivalent volumes for each bin (a particle of diameter d was counted
as a nominal volume). The total emitted volume is calculated as the sum
of the volumes across all size bins.

While particle emissions are usually reported as numbers or mass,
several studies have presented them in terms of volume, also calculating
equivalent particle densities using gravimetric methods [19] or other
techniques [56]. From a modeling perspective, using volume as the
output variable is beneficial because it is less affected by variations in
particle diameter (see Section 2.4.2). Consequently, modeling the total
particle volume with a single output is computationally simpler than
creating separate models for each size bin and summing their results.

For the randomized tests, the time between brake events was
approximately 50-60 s. As this interval was sufficient to allow the signal
to return to baseline between stops, it was possible to obtain a repre-
sentative cumulative emission value for each brake event. On the other
hand, in the standard version of the WLTP cycle, several time intervals
between brake stops are too short to associate each stop with a repre-
sentative cumulative emission value, as the emission signals from
different braking events may overlap. Fig. 7 illustrates the emission
signal associated with specific brake stops in the standard WLTP brake
cycle. The cross symbols denote the instant at which the brake event
begins. The following emission peaks are delayed by 3.5 s. The emission
signal from a single event takes approximately 20 s to reach the baseline.
The decay time depends on several factors, such as the settling time of
particles, the velocity of airflow, the system volume, and the braking

intensity.

To address signal overlap, cumulative emission values for this test
were calculated by summing emissions from the start of one brake stop
to the start of the next. Although this approach makes each value less
representative of an individual brake event, it ensures consistency across
all stops. Emissions are not double-counted, as those assigned to one
brake stop are excluded from the next. As will be shown in Section 3.3,
the R? values remain robust when applying a moving average over three
consecutive brake stops. Finally, the Modified WLTP dataset, with a
minimum cycle time of 40 s, was tested to evaluate the accuracy of the
model without overlap in the emission signal, and the resulting R>
values were consistent with those obtained from the other datasets (see
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Fig. 6. Scheme of the experimental setup: the fan (F), HEPA filter (H), chamber (C), disc (D), pad (P), sampling lines (SLs) and the OPS.
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Fig. 7. Total particle number for specific brake stops of the standard version of
the WLTP brake cycle. The numbered markers indicate when individual brake
events begin.

Section 3).

2.4. Neural network model

We aim to develop an efficient and interpretable neural model that
maximizes prediction accuracy while minimizing the number of pa-
rameters. Although general-purpose neural architectures can also fit the
data, they often lack explainability and usually require more parameters
than ours. This increase in parameters raises the risk of overfitting and
diminishes the model's ability to generalize (e.g., see Ref. [57]). Instead,
we can create an efficient and interpretable model by integrating
domain knowledge into the neural structure.

2.4.1. Choice of the input parameters

To design the neural architecture, we begin by identifying the pa-
rameters that influence emissions based on expert knowledge and
ranking them by importance. These parameters are selected from those
used in the experiment.

- The initial velocity vo.

- The final velocity vy.

- The deceleration d, which combined with the two above determines
the event duration 7.

- The initial temperature Ty.

- The average temperature Ty, and the maximum temperature Tnqy.

Domain knowledge indicates that emissions (e) are mainly influ-
enced by dissipated energy, which is proportional to the difference in the
squares of the initial and final velocities (v(z) - vfz), and by contact
pressure, which impacts the severity of wear. The contact pressure de-
termines the brake force, which then causes the observable deceleration

(d). For instance, a model that learns the functione = f (v% — vfz,d>, or

more concisely:
e=f(Av*,d) 1)

This model does not consider the average velocity, Vs, = 0.5 (vo +
vf), and the initial temperature (Ty). Conversely, maximum and average
temperatures are strongly correlated with dissipated energy and do not
need to be accounted for separately. In fact, Av? implicitly accounts for
any increase in temperature. By constructing the model so that e =
f(Av?,d), the excluded parameters, v,,, and To, act as unmodeled noise.
We will later be able to assess their relative importance alongside other
noise sources by evaluating the model's prediction residuals.

2.4.2. Choice of the output quantity

We need to clarify what the model predicts, specifically, the quantity
referred to as e. As illustrated in Fig. 8, the number of particles in each
diameter range is inversely proportional to the cube of the diameter.
Therefore, we have chosen to predict the “nominal” emission volumes
(as if the particles were on average spherical), which stay roughly the
same across different diameter bins. This method allows us to weigh all
bins equally. In contrast, if we predicted the number of particles, larger
particles would have less influence on the model, leading to a focus on
predicting the smallest bins.

2.4.3. Modeling the process dynamics (bedding)

The model given in (1) represents a static process. However, for the
same input { Av?,d}, real emissions are greater with fresh pads and tend
to progressively decrease with the following brake events, a phenome-
non known as bedding. Given the same input, (1) would, however,
predict the same output regardless of the history of the previous events.
It can capture the average emissions, but it cannot describe the dynamics
of bedding.

To capture bedding, we need a discrete-time dynamic model, i.e., a
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Fig. 8. Cumulative Particle Number as a function of particle diameter in the
test Randomized A.
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model in which the output y; (emissions) at the discrete time k (the k-th
brake event) is a function of the input u; (brake parameters) and of the
system state s, (state of the pad) at that time, such as, e.g., y;, = F(s,
uy). The changes in the system state are modeled with another equation,
such as, e.g., sk11 = G(Sk,Ux), which describes the new state following s,
uy.

Hence, we update model (1) as follows:

€x = Sk ]"(AV%7 dk) (2)

This means that the emissions at event k, (e), are a function of the
surface state (sx) and of the input (Avf, dk) at time k. In (2), we model the
state space s, with a one-dimensional (scalar) quantity si. Furthermore,
(2) gives a structure to the generic function F(sk,ux), which now reads
sk f (AvZ,dx). This modeling choice reduces the class of functions that can
be approximated, but makes the state sy interpretable, because it rep-
resents the amplification factor for the emissions f(AvZ, d). During the
bedding process, s will be higher with fresh pads and will gradually
decrease with subsequent brake events. For the state update, we also
give a structure to G(sk, ux) as follows:

k1 =&(Sks e) 3)

Where the effect of the input Av,%, dy is lumped into the emissions e they
caused, i.e., we assume that the variation in the surface state depends on
the previous emission, rather than on AvZ,dy separately. This assump-
tion is a modeling choice that is indirectly supported by the quality of
the model predictions. Still, its generalization to other material pairs or
more severe braking regimes is not implied. We further structure the
model as follows:

Ski1 =&(Sk, €k) =Sk — Asi @

Where the variation Asy in the system state is modeled as follows:
Asy = ey h(sk, ex) 5)

Equation (5) imposes that the variation in the system state is zero if
the emissions are zero. Equations (4) and (5) form the recurrent part of
the model, which, given the initial state (s; ), and a sequence of emissions
(ex), predict the future states (sk1). In (2,5), the functions f() and h() are
neural networks that will learn the sub-models for baseline emissions (2)
and for the state dynamics (4,5).

A block diagram for the neural implementation is shown in Fig. 9. On
top, the input is a sequence of brake events (Vg ,Vf k,d ). A first module
(a) computes (what would be) the baseline, or stationary, emissions €, =
f(AvZ,dx) and a second module (b) computes the actual emissions ac-
cording to (2), i.e., ex = sy €, and updates the system state according to
(4,5). We present here the final architecture, obtained after several
variations in the number of neurons, layers, and topology (e.g., see
Appendix in Ref. [58] for an example of hyperparameter choice).

The block (a) that learns f (AvZ, di) is shown below on the left. A first
algebraic layer combines vy, and vy, into Av,%, which, together with dy,
enters a neural layer with 20 neurons, followed by Tanh activation and a
neural layer with a single neuron. At this point, the network may pro-
duce a scalar output, which can be either positive or negative. Since
emissions can only be positive, we append a “softplus” operator,
Log(Exp(x) + 1), that re-maps the input domain to the real positive axis,
i.e., |— o0, [ — |0, oo[. A final neuron, with no biases, rescales the
output. The number of parameters in this sub-network is 82.

The block (b), at the right, implements the recurrent part, shown in
detail in (¢) and (d). In particular (c) shows the computation of (2) in the
form of a product between s, and the baseline emissions ey from block
(a). Finally, block (d) shows the implementation of (4,5). The upper
branch computes As; using a neural network with structure 5-Tanh-1
that learns the function h(s, ex). The rest are algebraic operations to
realize (4,5). The number of parameters in this branch is 21. The total
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number of parameters for the model is 104, counting the two branches
and the initial state s;.

2.5. Training

The network is trained using dataset 1 as the training set. Datasets 2-
5 are saved for test sets. Given that the training set comprises 2773
examples and the network parameters are 104 (i.e., the number of ex-
amples is 27 times the number of parameters), we preferred not to use a
validation set in the training process, reserving dataset 2 for testing.’ We
trained on dataset 1 for 50,000 epochs, which is a single history of 2773
steps. Since the model is a dynamical system with a one-dimensional
internal state, the first 50 braking events were discarded to reduce the
possible impact of strong initial transients related to the early bedding-in
phase, which may require a higher-dimensional state space to be fully
captured; sensitivity tests with different numbers of discarded events
showed stable dynamics, and 50 events were conservatively selected.

The input-output data were normalized as follows. The velocity was
normalized by 120 km/h, in such a way that 95% of the input example
velocity spanned the interval 0-1. The deceleration was divided by 2.5
m/s?, in such a way that 95% of the input signal also spanned the in-
terval 0-1. The output was finally normalized using the same logic by
dividing the measured volumes by 10® cubic x m, in such a way that the
output represents tenths of cubic mm.

The training Algorithm was the ADAM optimizer. All computations
were carried out in Wolfram's Mathematica (versions 12.3.1 and 14.2.1).

2.5.1. Loss function

The optimization process used two loss functions. The mean squared
loss was used for the network predictions ex. In addition, we used a mean
squared loss layer weighted by a factor 0.09 on baseline predictions ej:

mean|(ex — &)’] + 0.09 mean| (& — &)’ (6)

In this way, while the model seeks to minimize the square error of
predictions, it also tries to keep € close to the mean emissions.

2.6. Estimating the initial state

So far, the model 2.4.3 Modeling the process dynamics (bedding)
consists of two learned functions h(s, e) and f(AvZ,di), and is imple-
mented with two neural networks (Fig. 9a and d, respectively). Given a
sequence of brake events (v k,Vf k,d ), the model predicts emissions and
the evolution of the pad state s, given the initial pad state s; (Fig. 9 b).

During the model training (section 2.5), the initial state of the
training dataset (Dataset 1) is automatically estimated. However, this
state may not be valid for the other datasets because it is unlikely that
the initial surface state is the same. This is particularly true for dataset 4,
which refer to conditions following a previous bedding process.

To estimate the initial state for the test datasets (datasets 2-5) the
model was trained for a few epochs on each dataset separately. The first
50 braking events are discarded to limit the influence of short-term
transients that the proposed model, which employs a one-dimensional
internal state, cannot fully capture. However, the initial state may still
differ across datasets due to varying initial surface conditions; for this
reason, it is estimated explicitly for each test dataset while keeping the
network parameters fixed. For example, the initial state of WLTP5 is

1 When training neural models, there are usually three types of data: the
training set is the set of examples that the optimization algorithm uses for
gradient descent, the validation set is the set of independent examples used by
the algorithm to monitor overfitting and eventually stop learning (as such the
validation set intervenes in selecting the final model). Finally, the test set is
another independent dataset which did not appear in either training or selec-
tion of the model.
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Fig. 9. Block diagram of the recurrent neural network model, composed of one module (a) that learns the function in (2) and a second module (b) that learns the

state dynamics (3). Both modules have physics-informed structures.

identified as the final state reached after the WLTP1-4 sequence,
consistently reflecting a post-bedding surface condition.

The parameters of h(sy, ex) and f(AvZ,di) were frozen, to preserve
the baseline emissions and the model dynamics. Only s; was allowed to
change. The estimated initial states are shown in Table 3. Notably,
datasets 1 and 2 have an almost identical initial condition (they were
very similar), whereas the initial state of dataset 4 is close to unity
because they refer to a post-bedding state.

3. Results
3.1. Internal state

Fig. 10 illustrates the evolution of the internal state, as described in
(4-5), starting from the initial state estimated in Section 2.6.% The state,

Table 3
Initial surface states.

Dataset 1 2 3 4 5
1.98 1.94

Estimated s, 2.79 1.35 1.32

2 Because of the loss function (6), the average state is close to unity for
dataset 1.

which is the amplification of row emissions according to (2), gradually
decreases. This means that, with repeated brakes, emissions decrease
toward a (pseudo) asymptotic limit.

However, the decrease is not monotonic. Sometimes the state steps
back to higher values. This is particularly evident in the case of a hard
brake before the end of the WLTP cycle, as shown in the inset (section 4
will further discuss this case). Smaller state steps back are also visible in
the two randomized datasets 1 and 2.

To investigate the conditions that cause an increase in the surface
state, we study the state variation as in (5), i.e. Ask(sk,ex) = ex h(sk,ex)-
We extract the subnetwork that computes Asy from the trained network
(Fig. 9d) and show the contour plot of Asi(sk,ex) in Fig. 11. The green
area indicates the conditions (s, ex) that result in a decrease in the state.
Conversely, the red area corresponds to increasing states. The red
dashed rectangle visualizes the domain of the training data (hence,
outside that rectangle, the network is extrapolating).

As the chart shows, for a given state si, a decrease is obtained if the
emissions are below a certain threshold (the boundary between green
and red). For larger emissions, the state steps back. In other words, light
braking in the green area enhances the bedding, while harsh braking in
the red area deteriorates it.

Furthermore, the smaller the state, the lower the threshold, meaning
that lighter braking may be sufficient to step back slightly. This also
implies that the bedding process does not tend to a stable asymptotic
limit because it can be reversed with energetic brakes.
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Fig. 10. Evolution of the Internal State for the five datasets.
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Fig. 11. Contour plot of the state variation Asy as a function of the current state
sk and the emitted volume e;, which represents the severity of the braking event
through dissipated energy and deceleration (Eq. (3)). Green regions correspond
to state decreases associated with mild braking, while red regions indicate state
increases triggered by sufficiently severe braking events. The contour lines
quantify the magnitude of As,. The amplitude of the state increase does not
depend on a single braking parameter, but on the interaction between the
current surface state s, and the severity of the event as expressed by ex. Only
sufficiently energetic events (red zone) trigger increases in s, whereas milder
events (green zone) promote its decrease. Note that the smaller sy is, the easier
it is to fall in the red zone, returning to a higher s,. (For interpretation of the
references to colour in this figure legend, the reader is referred to the Web
version of this article.)

3.2. Baseline emissions

To study the baseline emissions (i.e., before the modulation by sj),

we extract the subnetwork that computes € = f(AvZ,dy) from the
trained network (Fig. 9, a) and make a parametric plot of € in Fig. 12.
Emissions are initially proportional to the dissipated energy, i.e., pro-
portional to v — vf2 (note the x-axis is labeled with the linear velocities).
However, emissions eventually grow faster (probably due to the tem-
perature increase that is a consequence of the dissipated energy).

Furthermore, the larger the deceleration, the earlier emissions depart
from linearity.

3.3. Model accuracy

3.3.1. Individual brake events

Table 4 summarizes the model quality and presents the following
metrics. Row 5 shows the root mean square prediction error (RMSE).
Row 6 displays the maximum emission. Row 7 lists the root mean square
error normalized by the maximum emission, which is less than 10% in
all cases. Row 8 provides the mean emission, which is notably smaller
for the WLTP cycles (datasets 3-5). Row 9 reports the root mean square
error normalized by the mean emission. These figures are significantly
larger than the NRMSE in row 7 because the mean emissions are usually
10 to 30 times smaller than the peak emissions.

A commonly used statistical indicator is the coefficient of

0.6 2.5 m/s?
m’é’ 1.5 m/s2
04~
<«
2
2
E
53}

02

o0.L

vo? = v;? (km/h)

Fig. 12. Baseline emissions or, stationary component, as a function of dissi-
pated energy and deceleration.
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Table 4
Model quality indicators.

Dataset 1 2 3 4 5
Randomized A (training Randomized B WLTP 1-4 (four WLTP WLTP 5 (after bedding with four WLTP Mod. WLTP (seven
set) cycles) cycles) cycles)

Brake stops 2772 1963 1212 303 2121

Individual event emissions

RMSE (i mms) 0.039 0.044 0.040 0.031 0.025

Max emission (mm>) 0.763 0.548 0.802 0.589 0.657

NRMSE 5.1% 8.1% 5.0% 5.3% 3.9%

Mean emission (i mm?® ) 0.051 0.061 0.024 0.017 0.013

NRMSE by Mean emissions 76.4% 72.4% 169.7% 183.5% 194.0%

R? 0.58 0.58 0.55 0.59 0.54

Cumulative emissions

Accumulated error —0.39% —6.9% -8.6% —-6.2% —4.5%

R?on cumulative 99.9% 98.9% 99.2% 96.2% 99.5%

emissions

determination (RZ), which is listed in row 10. R? represents the fraction
of variance that the model describes. The remainder is noise caused by
unmodelled features and measurement noise. Among the features that
were not modeled are the mean velocity and the initial temperature
(section 2.4.3). Among the measurement noise, there is the overlap
between subsequent brake stops (i.e., particles emitted after one brake
event may reach the measurement device with some delay and disper-
sion, overlapping the tail of the previous brake, as discussed in Fig. 7). In
all cases, R? is about 0.54-0.59, which means the model predicts about
54-59% of the process variance. The rest, 41-46%, is unmodeled or noise
(especially the overlap noise).

Fig. 14 compares the predicted and measured emissions in the first
250 cycles of the five datasets.

An autoregressive analysis of the fitting residuals shows weak
autocorrelation that can be approximated by an AR (2) model, sug-
gesting delayed emission, transport, and measurement effects extending
up to two braking events, with a dominant one-step delay.

Dataset 1 Dataset 2

gy

Cumulative Particle Volume (mm?)

(3]
]
o
[NE=)

Dataset 4 Dataset 5

Cumulative Particle Volume (mm?*)

257

Brake stops Brake stops

/ 108.8

3.3.2. Cumulative emissions

The above considerations apply to predicting the emissions of a
single brake stop. However, the main focus of this model is predicting
the total emissions for a batch of brake events, such as a WLTP cycle. In
this case, the noise that affects individual predictions tends to cancel out
when looking at a batch of events (particularly the overlap noise). Due to
delayed emission effects with a memory of up to two braking events,
prediction accuracy for single events is reduced, while aggregation over
multiple events progressively suppresses this effect; accordingly,
binning events in groups of two or three results in increasing R? values
for cumulative emissions. Fig. 13 compares the accumulated emissions
to the predicted values across the five datasets. Dataset 1, which was
used for training, is fitted almost perfectly. The remaining datasets have
errors ranging from 4.5% to 8.6%. Evaluating R? we obtain the figures in
the last row.

Dataset 3
116.8

[SS
N
w3

—— Prediction
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0 0
1913 1168

[ 1)
AN
—i

0

2096

Fig. 13. Comparison of the accumulated emissions to the predicted values across the five datasets.
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Fig. 14. Predicted and measured emissions in the first 250 cycles of the five datasets.

4. Discussion experimental data collected from a reduced-scale dynamometer, where
emissions were measured using an OPS.
This work introduces a recurrent neural network model designed to
predict non-stationary brake emissions. The model was trained using

Normalized 12
deceleration (d/dy) 1

Hard brake event

1 Training set
Dataset 5 (WLTP)

Number of
brake stops

0.6

Normalized energy (Av/vy)?

Fig. 15. Distribution of normalized dissipated energy and brake deceleration for the training set (Randomized A) and WLTP brake cycle.

10
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4.1. Sampling and coverage of the parameter space

A novel aspect of the applied approach is the use of randomized tests
involving variations in speed, mean speed, and brake deceleration. The
domain is illustrated in Fig. 4, where points are uniformly spread within
the trapezoidal area. Random pairs of values were combined with
random brake deceleration values. Instead of controlling the initial
brake temperature, the initial disc temperature was monitored and kept
between 100 and 160 °C. It is also noteworthy that even if the transition
temperature [47] were reached (10 % of the peak temperatures were
above 200 °C), it is not expected to significantly affect the measured
emitted particle volume under the investigated conditions, as the in-
strument detects particles as small as 0.3 pm, and any potential ag-
glomerates would have a minimal impact on the emitted volume for the
considered braking conditions.

The dataset in this study comprised five sets: two randomized tests,
one WLTP cycle with fresh samples, one WLTP cycle with bedded pads,
and a modified WLTP cycle with a minimum brake interval of 40 s.

Fig. 15 shows the coverage of the parameter space. The training
dataset (Dataset 1) spans the entire range of input parameters. The
WLTP datasets are fully within this range, although they mainly focus on
low-energy brake events. However, there is one point outside the
training distribution (“Out of Distribution”, OOD). It is marked as “Hard
Brake Event”® and corresponds to the sharp increase shown in Fig. 10.
When predicting this event, the neural model extrapolates beyond the
training data. As a result, we can expect significant errors in this
particular prediction. Excluding this point, the remaining brake stops
are within the training space, which explains why the prediction accu-
racy in Table 4 is acceptable for WLTP datasets.

4.2. Justification of input and output model parameters

The neural model used dissipated energy and brake deceleration as
input variables, with emitted volume as the output. An important point
we aimed to demonstrate is that using just these two inputs, and
considering the history, can achieve very high R? values when predicting
cumulative emissions, even though the R? values for individual events
are moderate, ranging from 0.54 to 0.59. This relates to random mea-
surement errors that offset each other when emissions are summed into
cumulative values. The input variables that were intentionally excluded
from the model are average velocity and initial brake temperature. In
contrast, the temperature rise during braking is implicitly accounted for
as a derivative parameter, because it depends on dissipated energy,
brake deceleration, and average velocity.

4.3. Dynamics and steady-state components

The model consists of two parts: a stationary component, which
depends only on dissipated energy and brake deceleration, and a state
component, modeled by a state variable s, which serves as a scaling
factor capturing surface effect variations caused by long-term (bedding
process) or short-term (changing braking parameters) memory effects.
This approach is ideal for defining steady-state regimes because transi-
tion effects are solely incorporated in the state component. Conse-
quently, the steady-state part remains independent of memory effects.

From Fig. 12, the trends of the stationary components are linear with
dissipated energy up to an approximate brake stop, which begins around
70 km/h until the vehicle comes to a complete stop. Beyond this
threshold, deceleration becomes more significant, and the relationship
becomes nonlinear, with power increasing in proportion to brake
deceleration. Cubic trends with velocity have already been observed
[11,28,40] and are consistent with the relationship shown in Fig. 12.

% This brake stops corresponds to the following parameters: vy = 132.4 km/h,
Vs = 33.9 km/h, d = 1.805 m/s>.
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However, measurements were often affected by high noise, and the
relationship with deceleration does not always correlate with increasing
emissions, as history effects may mask its true role, resulting in con-
trasting findings in the literature [11,30]. The mean velocity and initial
brake temperature were intentionally excluded as input variables from
the model. Including initial temperature and mean velocity could
improve the model's R?, but requires more training/test data, and will be
explored in future studies. Conversely, the temperature rise during
braking is treated as a derived parameter because it correlates with
dissipated energy, brake deceleration, and average velocity.

As mentioned, the recurrent component, s, can be interpreted as the
influence of the surface state on the emissions, which depends on the
previous brakes. For example, a high-intensity braking event can cause a
quick rise in the system state and subsequent emissions. These effects
may last and continue to affect later brake stops.

The influence of previous braking events on the system state causes
fluctuations, making it hard to identify consistent and monotonic trends
in the bedding process with standard models. This is especially true for
brake deceleration, as its effect becomes significant only above a certain
energy threshold. Notably, the recurrent component was able to capture
both short-term effects, such as those induced by varying braking pa-
rameters, and long-term effects, such as the bedding process.

The recurrent component, s, represents an internal state inferred
from the emission dynamics and is introduced to account for history-
dependent effects observed in the experimental data. Its evolution ex-
hibits systematic trends: sequences of mild braking are associated with a
gradual decrease in s, whereas sufficiently severe braking events pro-
duce temporary increases, as described by the dependence of Asy on the
emitted volume e (Fig. 11). Since e, embeds the combined effects of
dissipated energy and brake deceleration (Eq. (3)), variations in s reflect
the influence of preceding braking events as captured by the model
formulation. The state, s, is therefore treated as a phenomenological
quantity or macroscopic descriptor of surface history derived from the
fitted dynamics, without assigning it to specific microscopic surface
mechanisms, as it could not be directly linked to specific surface
topographies.

4.4. Tribological perspective

The following discussion is intended to provide a tribological inter-
pretation of the observed behaviors, rather than a correlation between
surface topographies and variations in internal state, s, as detailed
surface-topography characterization was beyond the scope of this study.

The overall wear regime observed in the applied tests can be clas-
sified as mild sliding conditions, as the sliding temperatures remained
below the critical threshold of 250-400 °C, typically associated with
severe wear and binder degradation in resin-based friction materials
[59,60].

The observed progressive decrease in emissions is consistent with
bedding stabilization trends reported for brake materials. It is
acknowledged that during the bedding process, the mating surfaces
develop friction layers, and the pad surface progressively increases its
coverage factor within the friction layer, which is characterized by the
high compaction of mechanically mixed iron oxides and pad constitu-
ents. Meanwhile, the disc undergoes significant asperity removal and
plastic deformation, eventually forming thin transfer layers [24,25,46].
As a result of these processes, the formation of friction layers contributes
to overall improved wear resistance and reduced emissions, ultimately
leading to steady-state, or pseudo-steady-state conditions, depending on
the testing parameters and the model considered. Asymptotic limits are
conceptually accepted within the framework of the third body theory
[61] when the ejection and deposition rates at the surface converge
toward steady values. Such behavior has been observed in dynamometer
studies under repeated braking conditions [25], and more generally in
pin-on-disc experiments.

Regarding the component of the state, s, that captures fluctuations in
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emissions induced by the brake history, meaningful interpretation can
be drawn from studies that conducted a posteriori surface analysis. The
studies [11,62] have compared pad surfaces after harsh and mild
braking conditions. Following harsh braking, the surfaces exhibit a
lower coverage of the friction layer, suggesting that the combination of
high speed and elevated temperature increases the overall wear rate,
inhibiting the formation of compacted patches and facilitating the
release of particles from the tribological system. A similar effect of
temperature on particle emissions was also observed in mesoscale sur-
face simulations [63]. On the other hand, a decrease in the state, s,
during light braking can be associated with the combination of low wear
rate and compaction processes of the wear products, which promote the
stabilization and compaction of the friction layer, reducing the particle
release. The described mechanisms can be generally interpreted within
the framework of the third body theory, and their influence on brake
materials is often referred to as reservoir dynamics [64]. Highly chal-
lenging in situ observation of surface evolution has been reported by
Ref. [64,65]. However, in most studies, interpretations on the surface
evolution are derived from the emission signals [10,11] or a posteriori
surface analysis [11,45,46].

In this work, we introduced the concept of internal state to predict
emissions as particle volume in the size range of 0.3 to 10 pm, without
relying on a direct correlation with the surface topographies. For this,
we emphasized that the recurrent state introduced here should be
regarded as a macroscopic phenomenological descriptor derived from
emission dynamics, rather than as a direct indicator of specific surface
topographies, material degradation, or potential brake system
evolution.

Future research should focus on mechanical and surface character-
ization to explicitly formulate the variability of these concepts, for
which the present study provides the conceptual foundation.

5. Conclusions

The methodology developed in this work introduces a novel defini-
tion of steady states and the concept of emissions-related states using a
recurrent state.

Additionally, this work utilizes a structured neural modeling tool to
analyze key characteristics of brake emissions. The modules of the
neural model are interpretable and can be extracted, facilitating a more
accurate interpretation and visualization of the phenomenon.

Notably, the model accurately predicts cumulative brake emissions
with a high coefficient of determination using only dissipated energy
and brake deceleration as inputs. Initial temperature and average ve-
locity were intentionally considered as unmodeled noise.

Future research should focus on applying this approach to real-world
vehicle applications (for example, developing ecological driving that
minimizes emissions, especially for electric vehicles). Addressing sour-
ces of uncertainty, such as sample variability, measurement errors, or
sensitivity to initial conditions, will require further experimental vali-
dation through controlled brake emission tests and repeated measure-
ments. Exploring other metrics, such as particle number and
distribution, will also be important to enhance the model's applicability
and robustness.

Finally, examining the surface conditions during bedding and tran-
sient fluctuations and their correlation with the state, s, will strengthen
the physical interpretation of the model.
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