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Abstract

The evolution towards “more-electric” aircraft has accelerated in the last decade, motivated
by environmental concerns and the development of new market frontiers such as urban
air mobility. This transition is affecting both propulsion and aircraft systems, with electro-
mechanical brakes (E-Brakes) representing a promising alternative to traditional hydraulic
solutions. While E-Brakes offer advantages such as reduced system complexity and elimi-
nation of hydraulic leakage issues, they remain a relatively unproven technology in civil
aviation. In this context, the development of Prognostics and Health Management (PHM)
solutions aligns with the need for continuous monitoring of novel components while also
providing the benefits typically associated with prognostic techniques. This paper presents
the preliminary stages of the development of a PHM framework for an E-Brake intended
for future executive-class aircraft. Since experimental activities are not yet available, the
analysis was carried out on simulated data generated through a high-fidelity model of the
system. The study focuses on brake pad wear as the primary degradation mechanism and
proposes a particle-filtering approach to estimate the health state and predict the Remaining
Useful Life (RUL). Early results obtained from simulated fault-to-failure trajectories prove
the ability of the algorithm to track degradation and to provide reliable prognostic forecasts,
paving the way for future validation with real-world data.

Keywords: PHM; EMAs; brakes; particle filter

1. Introduction
The aviation industry is currently shifting towards more-electric aircraft, aiming to re-

place conventional hydraulic and pneumatic systems with electrically driven counterparts
to optimize efficiency and maintainability [1]. Recent systematic reviews have highlighted
how artificial intelligence technologies are reshaping aircraft maintenance strategies, identi-
fying key opportunities in predictive health monitoring [2]. Electro-Mechanical Actuators
(EMAs) are central to this transition, particularly in critical subsystems such as landing gear
and braking systems, where they offer significant advantages in terms of weight reduction
and signal manageability [3]. However, the deployment of EMAs in flight-critical appli-
cations faces stringent reliability challenges, primarily related to the risks of mechanical
jamming and thermal degradation under high-load conditions [4]. To mitigate these risks,
Prognostics and Health Management (PHM) and Structural Health Monitoring (SHM) have

Actuators 2026, 15, 161 https://doi.org/10.3390/act15030161

https://crossmark.crossref.org/dialog?doi=10.3390/act15030161&domain=pdf&date_stamp=2026-03-11
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/actuators
https://www.mdpi.com
https://orcid.org/0009-0002-3260-3327
https://orcid.org/0000-0001-6714-631X
https://orcid.org/0000-0001-8950-5272
https://orcid.org/0000-0001-5163-9945
https://doi.org/10.3390/act15030161


Actuators 2026, 15, 161 2 of 25

become fundamental [5,6]. Established data-driven methods have yielded encouraging
results, utilizing neural networks to identify faults in brushed actuators [7] and to estimate
the Remaining Useful Life (RUL) of aircraft brakes [8]. However, a significant impedi-
ment to these approaches is the shortage of real-world “run-to-failure” data, as aircraft
components are typically replaced well before catastrophic failure occurs. To overcome
this data limitation and the reliability issues of black-box models, the research landscape
has evolved towards high-fidelity simulation and hybrid modelling. Digital-twin-based
approaches are increasingly adopted for IVHM verification and predictive maintenance
in aerospace, addressing the complexities of system integration [9]. Methodologies based
on deep transfer learning are now employed to bridge the gap between simulation and
reality, allowing models trained on synthetic data to be applied to real-world scenarios [10].
Furthermore, recent advancements have introduced digital twins to mirror physical degra-
dation in real-time [11] and physics-informed neural networks, which integrate physical
laws into the learning process to enhance fault detection accuracy [12]. Similarly, novel
hybrid prognostic frameworks combining physics-based models with data-driven methods
have demonstrated improved accuracy and reduced uncertainty in RUL prediction for
critical aircraft systems [13]. Within this framework, this paper addresses the development
of a PHM scheme dedicated to E-Brakes, focusing on brake pad wear as the primary
degradation mechanism. Building on previous work by De Martin et al. [14], the study
employs high-fidelity simulations to reproduce different landing conditions and to support
the design of a prognostic algorithm based on particle filtering. Preliminary results are
presented, showing the ability of the proposed methodology to estimate wear progression
and predict the Remaining Useful Life (RUL), laying the groundwork for future validation.
In this context, the significance and novelty of this study lie in the feasibility assessment
of adapting mature prognostic tools to a novel domain. Specifically, the paper proposes a
specialized PHM framework designed to operate in the absence of historical run-to-failure
data. While recent works focus on general hybrid architectures, this paper specifically
targets the application of an E-Brake, introducing a novel ‘landing repository’ strategy. This
architecture allows the algorithm to progressively build a statistical representation of the
aircraft’s operational usage (e.g., braking energy, thermal states, runway conditions) and to
predict the RUL based on realistic, stochastically generated future scenarios rather than
static assumptions. Finally, it is essential to note that the electro-mechanical brake investi-
gated in this study is a prototype system currently under development for integration into
an Iron Bird ground-test rig. Consequently, a historical database of field “run-to-failure”
data is not available. This specific industrial constraint drives the methodological choices
of this work: the use of high-fidelity multi-physical simulation to generate degradation
trajectories (as a substitute for fleet data) and the selection of physics-based prognostic
architecture (particle filtering) capable of managing uncertainty without relying on the
massive training datasets required by purely data-driven approaches. This manuscript rep-
resents a significantly revised and expanded version of the preliminary study presented at
the 8th European Conference of the Prognostics and Health Management Society 2024 [15].

2. Case Study
The case study considered in this work is an electro-mechanical brake (E-Brake) system

designed for an executive-class aircraft with an expected take-off weight ranging between
5.5 and 6.1 tons, depending on passenger load and residual fuel. Two E-Brake systems
are integrated into the main landing gear, one for each side. As shown in Figure 1, each
brake is a multi-disk assembly actuated by four Electro-Mechanical Actuators (EMAs), each
controlled in force. When the pilot applies the brake pedals, a force command is transmitted
to the system and processed by the Brake Control Unit (BCU). This unit can suppress the
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command through touchdown protection routines, preventing brake activation before the
completion of aircraft rotation during landing. The braking request may also be modulated
by the electronic anti-skid system, which adapts the force depending on runway conditions
to avoid wheel lock and excessive slip by combining pilot input with automatic recognition
of surface characteristics. As shown in Figure 2, each EMA is driven by a brushless DC
motor and transmits force to the brake pads via a one-stage reducer and a ball-screw
mechanism. Every actuator is equipped with a force sensor to measure the exerted action,
while a resolver on the motor shaft provides position feedback for field-oriented control
of the phase currents. These signals, intrinsically available in the system, represent the
basis for the subsequent Prognostics and Health Management activities described in the
following sections.

BCU (Antiskid)
Aircraft speed

Force command

EMAs Brake 
pads

Wheel

Wheel speed Disks

Figure 1. Case study architecture.

Figure 2. EMA scheme.

3. Methodology
The methodology developed in this study followed a simulation-driven approach

aimed at supporting the design of a Prognostics and Health Management (PHM) framework
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for electro-mechanical brakes. The process began with the identification of brake pad
wear as the target degradation mechanism and continues with the definition of suitable
health indicators from available system signals. A high-fidelity model was then used to
generate a synthetic dataset under variable operating conditions, providing a statistically
representative basis for the design and assessment of the prognostic routines. On this
foundation, a particle-filtering algorithm was implemented to estimate the degradation
state after each landing and to predict the Remaining Useful Life by propagating possible
future usage scenarios. The overall procedure is summarized in Figure 3, which outlines the
sequential flow from degradation identification, through data simulation and generation,
to tracking of degradation and RUL estimation.

Identification of a 

degradation mechanism

Design of a PHM algorithm for an electro-mechanical brake

High-fidelity modelling 

and simulation

Database building 
Variable operational 

scenarios
Sources of uncertainty 

Selection of health 

indicators

Particle filtering RUL estimation
Tracking of degradation 

progression

Figure 3. Flowchart of the proposed PHM design methodology.

4. System Modelling
A high-fidelity model of the electro-mechanical brake system is required to repro-

duce both nominal behavior and degradation mechanisms. In this study, the term ‘high-
fidelity’ denotes a multi-domain modelling approach that integrates non-linear mechanical,
electrical, and thermal dynamics to achieve a significantly more detailed representation
than standard transfer-function models. While secondary structural dynamics (e.g., high-
frequency vibrations of the landing gear strut) are approximate to maintain computational
efficiency, the primary dynamics driving the wear degradation, specifically the motor
electrical response, the mechanical transmission compliance, and the friction interface,
are modelled with high granularity. This ensures that the prognostic features extracted
from the simulation remain representative of the physical system’s behavior. Furthermore,
critical sub-systems such as the tire–runway interaction are quantitatively validated against
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experimental benchmarks (as detailed in Table 1) to ensure realistic behavior. The model
integrates aircraft longitudinal dynamics, wheel rotation, tire–runway interaction, and
actuator and brake assembly behavior, as well as thermal and wear phenomena. This
comprehensive framework enables realistic simulations of landing and braking operations,
providing the basis for PHM algorithm development and validation.

Table 1. Performance of the quadratic surface fitting.

Scenarios SSE R2 Adj R2 RMSE

Smooth tires on dry asphalt 0.0010 0.9976 0.9973 0.0050
Threaded tires on wet asphalt 0.0084 0.9941 0.9933 0.0147
Smooth tires on wet asphalt 0.0228 0.9892 0.9879 0.0242

Starting with the vertical dynamics of the main landing gear [16], the wheel mass m is
subject to the vertical force exchanged between the wheel and the runway Fn and the force
from the shock absorber Fleg, approximated in the model as half the aircraft’s total weight.{

Fn = kt(xw − xrw) + ct
( .
xw − .

xrw
)

m
..

xw + mg + Fleg + Fwheel = 0
(1)

Referring to Figure 4, which shows the rotational dynamics of the wheel, it is possible
to express the wheel angular acceleration

.
ϑw as a function of the rolling friction coefficient

u, expressed as a function of the wheel angular frequency and of the tire pressure [17] of the
moment of inertia of the wheel assembly Iw, the wheel diameter Dw and the viscous friction
coefficient that is roughly representative of the dissipation in the wheel supports cw.

Fnµ[
Dw

2
−

((
xleg − xrw

))
]sign(λ)− Fnutanh

( .
ϑw

)
− cw

.
ϑw − Tbrk = Iw

..
ϑw (2)

Figure 4. Free-body diagram of the wheel rotational dynamics.

In Equation (2), µ represents the instantaneous tire–runway friction coefficient. Its
value is not constant but is evaluated dynamically according to a modified version of the
Burckhardt model [18] as a non-linear function of the slip ratio λ, defined as:

λ =
V − ωwR

V
(3)

where R is the wheel effective rolling radius. The Burckhardt formulation is expressed as:

µ = µ0(λ)µmax(ptire, vair) (4)
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The first term is defined as:

µ0(λ) = [β 1

(
1 − e−β2λ

)
−β3λ] (5)

where the parameters β1, β2, and β3 depend on tire temperature, tread type, and runway
conditions. Figure 5 shows the relation between µ0 and λ for different runway conditions.

 

Figure 5. µ0(λ) for different runway conditions.

The second term is a function of the tire pressure and of the aircraft speed,
expressed as:

µmax(ptire, vair) = a00 + a10vair + a01 ptire + a20vair
2 + a11vair ptire + a02 ptire

2 (6)

It consists of a second-order (quadratic) polynomial surface used for fitting the experimental
dataset provided for different combinations of thread type and runway conditions for an
aircraft of similar size to the target platform. Figure 6 shows the fitting surfaces, while
Table 1 summarizes the performance of the quadratic surface fitting. The conditions
analyzed are smooth tires on dry asphalt, threaded tires on wet asphalt and smooth tires
on wet asphalt.

All models exhibited excellent agreement with experimental data, with R-square (R2)
values ranging from 0.9892 to 0.9976. Specifically, the fitting related to the dry-asphalt
scenario provides the highest accuracy, characterized by the lowest Root Mean Square Error
(RMSE) and a negligible difference between the R-square and the adjusted R-square values,
indicating a robust estimation without overfitting. Although a slight increase in the Sum
of Squares Due to Error (SSE) is observed for the other scenarios, the adjusted R-square
remains consistently above 0.987, validating the suitability of the second-order polynomial
model across all tested conditions.

The four Electro-Mechanical Actuators (EMAs) responsible for the braking action are
controlled in force and act in parallel on the multi-disk brake. The dynamic modelling of
the EMAs is derived from established methodologies employed for analogous systems
operating as flight control actuators [19,20]. The control system is described as two-nested
control loops, where a sequence of proportional–integrative controllers operate on the
force control loop and on the current control loop of each brushless motor. The sensors are
modelled through second-order transfer functions replicating the expected dynamics of
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the load cell and of the Hall-effect sensors employed to monitor the angular position of
the brushless DC rotor. The simulation of the measure chain is complete with the model
of the employed A/D converters. The dynamic model of each EMA features a functional
description of the electronic power converter derived from [21] for a three-phase inverter
controlled through Pulse Width Modulation (PWM). The electrical dynamics of the motor
are described according to a streamlined three-phase model of the system, where Va,b,c and
ia,b,c are the phase voltages and currents.

Figure 6. µmax as a function of the tire pressure and of the aircraft speed: (a) fitting surface for smooth
tires on a dry runway; (b) fitting surface for threaded tires on a wet runway; (c) fitting surface for
smooth tires on a wet runway.
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[Va,b,c] = [Ra,b,c(Tw)][ia,b,c] + [L(Tw)]
d
dt
[ia,b,c] +

d
dt
[ϕa,b,c(ϑel)] (7)

where [Ra,b,c] is the electric resistance matrix, the elements of which depend on the windings’
temperature (Tw). The diagonal elements of the matrix represent the single-phase resistance,
while the non-diagonal terms represent the phase-to-phase resistance. Such values can be
degraded to simulate the effects of a turn-to-turn or phase-to-phase short respectively. [L]
is the inductance matrix, accounting for self-induction and mutual induction phenomena
along with the effect of magnetic flux dispersion. For each phase, the windings’ temperature
Tw is estimated by  Ri2 − (Tw−Th)

Rth,w
= Cth,w

dTw
dt

(Tw−Th)
Rth,w

− (Th−Text)
Rth,h

= Cth,h
dTh
dt

(8)

where Th refers to the housing temperature, while the thermal resistances and capacitances
have been tuned considering the maximum admissible temperature inside the electric
motor equal to 100 ◦C [22].

Finally, [ϕa,b,c] is the concatenated magnetic flux provided by the permanent magnets
and is a function of the electrical angle ϑel . The torque at the motor shaft can then be
computed, leading to the dynamic equilibrium of the rotor

∑a,b,c
dϕ

dt
ia,b,c − c

.
ϑm − km

(
ϑm − ϑgb

)
− cm

( .
ϑm −

.
ϑgb

)
= Im

..
ϑm (9)

where ϑm and ϑgb are the angular position of the motor shaft and of the gears. Im is the
moment of inertia of the rotor, while km and cm address the torsional stiffness of the motor
shaft and its associated damping. The gear pair is described as a rotational mass–spring–
damper system, thus leading to the following equation

km

(
ϑm − ϑgb

)
+ cm

( .
ϑm −

.
ϑgb

)
− 1

τ

[
kgb

(
ϑgb − ϑrs

)
+ cgb

( .
ϑgb −

.
ϑrs

)]
− Tf r,gb = Igb

..
ϑgb (10)

where τ is the transmission ratio, Tf r,gb the friction torque, while ϑrs is the angular position
of the rotating part of the screw. The friction torque is computed as the sum of three
components, one dependent on the acting load, one related to the viscous friction and a drag
torque component. The power screw is modelled as a two-degrees-of-freedom element,
where the rotating part is connected to the translating element through a viscoelastic
element. Defining with xrs,i the position of the translating portion of the screw pertaining
to the i-th actuator, it becomes possible to describe the brake dynamics and thus that of the
pads. Addressing with keb the stiffness and the damping ceb, it is possible to evaluate the
braking torque acting on the landing gear wheel as a function of the translating mass of the
brake pads meb, its translation xeb and the angular speed of the wheel

.
ϑw asTbrk = 0 i f xeb < xthr

Tbrk = Reb feb
[
keb(xeb − xthr)− ceb

( .
xeb

)]
n f ric,su f i f xeb ≥ xthr

(11)

where feb = feb(ϑw) is the friction coefficient between the brake pads and disk, which is
a function of the wheel angular frequency and the number of friction surfaces in contact
n f ric,su f . Knowing the braking torque and the wheel angular frequency, it is possible to
compute the mechanical power transformed into heat by the braking process. Such power
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is used within a simplified thermal model of the E-Brake assembly to estimate at each time
step the temperature of the pads Tbrake and of the brake case Tcase. Pf r −

(Tbrake−Tcase)
Rbr,c

= Cbrake
dTbrake

dt
(Tbrake−Tcase)

Rbr,c
− (Tcase−Tamb)

Ramb,c
= Ccase

dTcase
dt

(12)

where the total braking power Pf r is assumed to be entirely converted into heat (neglecting
secondary dissipative phenomena such as noise and vibrations for simplification purposes),
Cbrake and Ccase are the thermal capacities of the pads and the case, Rbr,c and Ramb,c are the
thermal resistances of the pads and the housing, and Tamb is the ambient temperature. Since
the pads contact the brake disks only when their translation xeb overcomes a predefined
stroke equal to xthr, it is possible to model the effects of the pads’ wear by properly increas-
ing the threshold value under the assumption that the brake pads return to the original
position once the braking procedure is finished. According to [23,24], wear progression
in brake pads can be described as dependent on an experimental coefficient fwear and
Kwear, a function of the local absolute temperature T, the sliding velocity between disks
and pads v, and the contact pressure p. While this formulation provides a physics-based
description of the degradation process accounting for thermal and load severities, it is
acknowledged as a macroscopic approximation. Since experimental tribological data for
the specific prototype material is not yet available, the wear coefficients in this study are
derived from the literature on similar friction pairs [23,24] and are treated as stochastic
variables within the simulation. This approach allows for the assessment of the algorithm’s
robustness against parameter uncertainty, pending the calibration of the coefficients via an
upcoming experimental campaign.

∆xthr =
∫

t
fwear(T)Kwear(T)v(t)p(t)dt (13)

Expressing the sliding velocity as a function of the wheel angular frequency
.
ϑw and

the radial coordinate of the pads with respect to the wheel axis Rpad, we have

v =
.
ϑwRpad (14)

The average pressure within the pads/disks contact area can be computed as a function
of the braking force exerted by the four actuators and the pad contact area as follows:

p =
keb(xeb − xthr)− ceb

( .
xeb

)
Apad

(15)

5. Simulation Activities
The simulation model is developed with two main objectives: to generate a database

for training and validating the PHM routines and to support the characterization of the
system by providing additional information that may be useful to the PHM framework
itself. The entire high-fidelity dynamic model, including the mechanical, electrical, and
thermal sub-systems, along with the particle-filtering framework, was developed and
simulated within the MATLAB R2022a/Simulink computational environment. The first
step in defining a reliable operational scenario is the characterization of all potential sources
of uncertainty affecting the system’s behavior. The following sources of uncertainty were
identified and modelled for the case study under analysis: aircraft mass at landing, runway
temperature and conditions, tire type (smooth or treaded) and pressure, aircraft horizontal
approach speed, type of braking procedure (emergency or normal), production tolerances
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within the E-Brake system, pilot reaction time, sensor noise, and deviations. In particular,
the first ones are expected to have the most significant impact on E-Brake performance.
The aircraft speed and mass at landing directly influence the total kinetic energy that
must be dissipated by the braking system, whereas the operating conditions, tire type and
inflation pressure determine the efficiency with which the braking torque generated by the
electro-mechanical device is transferred to the runway surface.

5.1. Variables and Case Scenarios

The aircraft mass at landing is randomly sampled for each simulation from a uniform
distribution ranging between approximately 5.5 and 6.1 tons. This range accounts for
variations due to the number of passengers, payload presence and type, and residual
fuel quantity. Runway temperature and surface conditions are considered by analyzing
temperature and rainfall distributions from three representative geographical areas, cor-
responding respectively to predominantly cold (Vancouver), hot (Dubai), and temperate
(Rome) climates. Data were obtained from publicly available databases and randomly
selected at each simulation run. The tire type is chosen randomly between treaded and
smooth configurations, while tire pressure is sampled from a normal distribution with a
mean value of 200 psi and a standard deviation of 30 psi. The aircraft horizontal approach
speed is randomly drawn from a normal distribution with a mean of 110 knots and a
standard deviation of 5 knots. The braking procedure type, either emergency or normal,
is defined before each simulation. During emergency braking, the pilot commands the
E-Brake to deliver its maximum force, while the anti-skid routine modulates the braking
torque to maintain the slip ratio corresponding to the maximum friction coefficient achiev-
able between the wheel and the runway. Conversely, under normal braking conditions,
the pilot modulates the force command to replicate the deceleration profile derived from
a set of experimental data provided by the project’s industrial partners for an aircraft of
comparable size. An example of the difference between the two braking procedures is
provided in Figure 7. The figure illustrates two aircraft decelerated down to 16 knots,
which is the taxiing speed limit on most civil runways. Also, the pilot request can be
seen together with the actuator displacement, the force signal modulated by the anti-skid
system compared with the force from one actuator (both expressed as a percentage of the
maximum E-Brake force) and the phase currents from one electric motor.

Figure 8 illustrates the initial phase of the braking maneuver, highlighting the rela-
tionship between the pilot command, the extension of the actuators (only one actuator
in figure), and the onset of pad–disc contact. The forces are expressed as a percentage of
the maximum brake force. At the beginning, the pilot applies a braking request that is
transmitted to the E-Brake system as a force command by the antiskid system. In response,
the four Electro-Mechanical Actuators begin to extend, moving through the free-stroke
region until reaching the mechanical end stop. During this interval, no braking torque is
generated, as the brake pads have not yet engaged the disc. Once the actuators complete
the free stroke and the pads touch the rotating surfaces, the braking force rapidly increases,
marking the transition from the approach phase to the effective torque-generation phase.

Another uncertainty source related to brake performance is the pilot reaction time,
which is modelled as a simple transport delay with a time-constant variable between
0.1 and 0.5 s. Additional sources of uncertainty affecting the E-Brake signals potentially
exploitable for PHM include production tolerances, which are superimposed on the main
electrical and mechanical parameters of the EMAs, and sensor noise, which is modelled
according to the specifications provided in the manufacturers’ catalogues.
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Figure 7. Simulation results for different braking conditions. (a) Normal braking; (b) emergency
braking.

 
Figure 8. Start of braking procedure.

5.2. Database Building

To properly characterize the behavior of the system, the analysis focuses on emergency
braking maneuvers, which are not influenced by pilot actions and therefore allow for isola-
tion of the intrinsic dynamics of the E-Brake system. Since the available experimental data is
limited, the baseline database is primarily constructed from high-fidelity simulations. The
analysis of the simulation results highlighted that certain factors, such as runway condition
and tire type, can be used to define statistical distributions for key parameters, which in
turn serve as the foundation for constructing the baseline database. For instance, consider-
ing the braking distance, defined as the distance required for the aircraft to decelerate up to
taxiing speed during an emergency braking event, three representative distributions were
identified, as shown in Figure 9. Under dry-asphalt conditions, the braking distance ranges
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from 140 to 170 m. In the case of wet asphalt combined with smooth-tread tires, the range
increases significantly, falling between 300 and 360 m. The longest distances are observed
for wet-asphalt conditions with ribbed-tread tires, where the braking distance ranges from
410 to 480 m.

Figure 9. Braking distance distribution.

Table 2 reports the statistical parameters of the braking length distributions for each
simulated scenario, including the mean, median, standard deviation, interquartile range,
coefficient of variation, and minimum and maximum values.

Table 2. Braking distance.

Scenario Mean Median Std Dev IQR Val CV Min Max

Dry 156.29 155.43 5.89 9.44 0.0377 144.83 172.24
Wet + Smooth 328.39 330.23 16.388 26.63 0.0499 297.03 356.1
Wet + Ribbed 449.09 452.34 17.80 21.17 0.0396 415 481.39

A similar trend is observed for the maximum temperature reached by the brake pads,
as shown in Figure 10. When braking on dry asphalt, the temperature varies between
290 ◦C and 320 ◦C. For wet-asphalt conditions with ribbed-tread tires, the temperature
ranges from 260 ◦C to 280 ◦C, while with smooth-tread tires it decreases further, falling
between 240 ◦C and 260 ◦C.

Table 3 reports the statistical parameters of the distributions of the maximum tempera-
ture of the brake for each simulated scenario.

Table 3. Brake temperature.

Scenario Mean Median Std Dev IQR Val CV Min Max

Dry 303.35 302.48 6.67 7.93 0.022 290.71 321.42
Wet + Smooth 252.37 251.78 4.94 6.28 0.0196 243.43 261.69
Wet + Ribbed 268.5 267.41 5.69 9.09 0.0212 259.27 279.71

As for the angular displacement of the motor, the values tend to decrease with wors-
ening runway conditions, as shown in Figure 11 On dry asphalt, the displacement varies
between 65.8 and 66.4 radians. This range shifts to between 65.6 and 65.7 radians under
wet conditions with ribbed-tread tires and further reduces to between 65.5 and 65.6 radians
with smooth-tread tires on wet asphalt. Overall, the runway conditions do not have a
significant impact.
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°𝐶

Figure 10. Brake temperature distribution.

 

Figure 11. Motor angular displacement distribution.

Lastly, the friction coefficient µmax is primarily influenced by the runway conditions,
as shown in Figure 12. On dry asphalt, it ranges from 0.92 to 0.70, whereas on wet asphalt,
it decreases significantly, ranging from 0.60 to 0.45.

Table 4 reports the statistical parameters of the friction coefficient µmax distributions
for each simulated scenario.

The definition of the baseline database represents a fundamental step for the subse-
quent PHM development. It provides a consistent and statistically meaningful reference
that captures the variability in the operational and environmental parameters affecting
the E-Brake’s performance. This dataset serves both as a benchmark for the evaluation
of the diagnostic and prognostic algorithms and as a foundation for generating synthetic
degradation scenarios in future stages of the analysis.

https://doi.org/10.3390/act15030161

https://doi.org/10.3390/act15030161


Actuators 2026, 15, 161 14 of 25

Building upon this baseline, the next stage of the work focuses on the design and
implementation of the PHM algorithms, aimed at detecting and predicting degradation
phenomena within the E-Brake system through the analysis of the simulated data.

Figure 12. Friction coefficient distribution.

Table 4. Friction coefficient.

Scenario Mean Median Std Dev IQR Val CV Min Max

Dry 0.822 0.829 0.0641 0.108 0.0780 0.709 0.923
Wet + Smooth 0.506 0.502 0.0355 0.072 0.0702 0.448 0.566
Wet + Ribbed 0.509 0.4941 0.0435 0.073 0.0855 0.449 0.586

5.3. Feature Selection

The first step in the feature selection process consists of comparing the data obtained
from simulations under degraded conditions with those obtained under healthy (baseline)
conditions. This comparison allows for identifying how degradation affects the measured
signals. Once the signals potentially correlated with the progression of the fault investigated
have been identified, the correlated quantities that can act as features are selected. To
achieve this, a sufficiently large dataset must be collected. The required data are obtained
by performing several simulations such that a cumulative wear level of approximately 50%
is reached, as defined by the implemented wear model. Based on the simulation campaign,
the features are then analyzed by deriving their probability distributions as a function
of the fault severity. The correlation between each feature and the wear progression is
evaluated by means of the Pearson correlation [25], which quantifies the strength and
direction of the linear relationship between two variables. It is defined as the ratio between
their covariance and the product of their standard deviations. A value close to +1 indicates
a strong positive linear correlation, meaning that the feature increases with the fault
progression; a value close to -1 indicates a strong negative linear correlation, while a
value close to zero denotes the absence of a linear relationship. Finally, for a feature to be
considered effective, it must exhibit low sensitivity, or only limited response, to factors
unrelated to fault progression. Such factors may include ambient temperature, tire pressure,
aircraft mass or small variations and dispersions in the parameters defining the model. To
evaluate the sensitivity of each feature to these external factors, the Signal-to-Noise Ratio
(SNR) is calculated. A higher SNR value indicates a lower dependency of the signal on
external influences, since the contribution of variance (high when the signal is affected by
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fluctuations of external parameters) is reduced. Consequently, features with a high SNR
are considered more robust and reliable indicators of degradation [26].

Among the analyzed quantities shown in Table 5, the maximum angular displacement
of the electric motor has been identified as one of the most representative features, showing
a clear and consistent correlation with the wear progression. From a kinematic perspective,
this strong correlation is physically sound: as the brake pads wear down, the clearance
between the pads and the disk increases. Consequently, the EMA ball-screw mechanism
must travel a longer linear stroke to engage the disk and apply the required force, which
strictly dictates a proportionally larger angular rotation from the electric motor. As shown
in Figure 13, this feature is also not affected by variations in the operating conditions nor
by the braking procedure (emergency or normal).

Table 5. Analyzed features.

Features Pearson’s Correlation Coefficient SNR Wear 20% SNR Wear 40%

Max angular position of electric motor 1 53.71 54.99
Mean speed of electric motor 0.97 6.27 6.51
Overshoot % of actuator force 0.96 6.88 6.96

Overshoot of actuator force 0.99 21.99 22.76
Max current 0.99 24.5 22.44

Figure 13. Dependency of the proposed feature on external factors and on degradation progression.

6. PHM Algorithm
The PHM algorithm developed for brake pad wear follows the scheme shown in

Figure 14. The whole architecture is designed to exploit the physical knowledge of the
system while incorporating historical data from past E-Brake operations, enabling a more
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accurate characterization of the uncertainty distributions. Since the algorithm relies exclu-
sively on signals that are intrinsically available from the standard EMA control sensors (i.e.,
in situ measurements such as motor angular position and phase currents), the entire frame-
work is suitable for online implementation. In this context, “online” refers to an iterative,
landing-by-landing execution, where the RUL estimation is automatically updated at the
end of each flight cycle.

 

Figure 14. PHM scheme.

Prognosis is performed through a Bayesian estimation framework based on a particle-
filtering approach. After each landing, the algorithm updates the estimate of the current
brake pad wear level using the indirect information contained in the quantities used in the
wear model defined in Equation 13. This step, functionally part of the fault identification
process, is necessary to achieve long-term prognosis through physics-driven equations
by supplying the particle filter with state probability density functions (PDFs) of future
usage of the brake based on previous information retrieved and stored after each landing.
Particle filters, firstly introduced in PHM by [27], take advantage of a nonlinear process
(fault/degradation) model to describe the expected dynamics of the fault progression and
a measure model derived from the feature/wear progression dependence observed during
the feature selection phase. Regarding the selection of the PHM method, the particle-
filtering (PF) approach was prioritized over purely data-driven strategies (e.g., LSTM-based
models previously investigated in different contexts [28]) for several methodological rea-
sons. Since the reference electro-mechanical brake is currently in a prototype phase, no
statistically representative physical population was available to train data-driven archi-
tectures. In such conditions, models trained exclusively on synthetic data risk learning
the underlying simulation assumptions rather than the actual system behavior. A physics-
driven Bayesian estimator therefore provides greater robustness and reduces the potential
for model bias. Moreover, brake pad wear exhibits inherently non-linear and potentially
non-Gaussian dynamics, making particle filtering more suitable than linear Gaussian esti-
mators (e.g., Kalman-based approaches) for accurately tracking degradation trajectories.
Finally, this choice ensures architectural scalability: brake pad wear represents only one
among multiple interacting failure modes (e.g., rotor degradation, sensor drift). The PF
framework naturally accommodates state augmentation and probabilistic data fusion,
maintaining engineering interpretability consistent with digital twin implementations [29].
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Prognosis through particle filtering is achieved by performing two sequential steps,
prediction and filtering. Prediction uses both the knowledge of the previous state estimate
and the process model to generate the a priori estimate of the PDFs for the next time instant

p(x0:t|y1:t−1) =
∫

p(xt|yt−1)p(x0:t−1|y1:t−1)dx0:t−1 (16)

This expression usually does not have an analytical solution, requiring sequential Monte
Carlo algorithms to be solved in real-time with efficient sampling strategies [30]. Parti-
cle filtering approximates the state PDF using samples or “particles” that have discrete
probability masses (often called “weights”) associated with them as follows:

p(xt|y1:t) ≈
∼
wt

(
xi

0:t

)
δ
(

x0:t − xi
0:t

)
dx0:t−1 (17)

where xi
0:t is the state trajectory and y1:t are the measurements up to time t. The simplest

implementation of this algorithm, the Sequential Importance Re-sampling (SIR) particle
filter [31], updates the weights using the likelihood of yt as follows:

wt = wt−1 p(yt|xt) (18)

Although this traditional particle-filtering technique has limitations, with regards to
the description of the distribution’s tails, and more advanced resampling schemes have
been proposed [32], this technique was still considered valid for a purely preliminary
analysis. Long-term fault evolution can be predicted by iterating the prediction step,
allowing for the estimation of the probability of failure with respect to a hazard zone
defined as an interval [Hlb, Hup] in the state domain. The probability of failure is computed
by integrating the predicted state probability density function over this interval. From this,
the RUL distribution and the associated risk function can be derived [33]. The declination
of the particle filter employed in this paper is based on a physics-based degradation model
and a process model describing the dependency between the worn-out thickness x of the
brake pads and the selected features{

xN+1 = Kwear(Ebrake N) + xN + ω(N)

yN+1 = f (xN+1, ν(N))
(19)

where Kwear is the wear constant, y is the feature and Ebrake N is the gross energy produced
during the Nth landing. ω(N) and ν(N) are noises, estimated at each time step considering
the probability distributions of the parameter and the accuracy of the process model
through a certain number of previous steps.

The gross energy Ebrake N is estimated as follows and provides an indication of an en-
ergy proportional to the terms of the modified Archard equation provided in Equation (13),
following the expression:

Ebrake N = rebrake

∫ tend

t0

4

∑
i=1

Fiωwdt (20)

where Fi is the force exerted by each actuator and ωw is the wheel angular frequency.
The feature y is defined as the maximum angular position of the EMA’s motor identified
in Section 5.3. To evaluate robustness, a structural model mismatch was intentionally
introduced by adopting a simplified wear law within the particle filter, while the synthetic
data were generated using a high-fidelity degradation model. In the latter, the wear
coefficient depends on instantaneous temperature and pressure, whereas in the prognostic
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routine, it is treated as a stochastic parameter included in the state vector and estimated
online. This modelling choice ensures that the estimator operates under realistic structural
uncertainty rather than reproducing the deterministic data generation model. For each
landing, the quantity Ebrake is computed and memorized in a “landing repository”, where it
is stored along with related aircraft-level information, such as the aircraft weight at landing,
for future usage. During the long-term prognosis, the “landing repository” database is used
to build an array of possible future landings through random sampling. If an indication
or prevision of the area in which the aircraft is going to typically operate is available, a
planned feature is to further refine the sampling procedure to account for the most probable
weather conditions. It is worth noting that mechanical aging effects (e.g., increased backlash
or stiffness reduction) operate on a significantly slower timescale compared to brake pad
wear. Furthermore, the prognostic algorithm is designed to recalibrate the initial zero-wear
reference (∆xthr = 0) at each maintenance interval (pad replacement). This procedure
effectively compensates for the slow drift caused by actuator aging, allowing the PHM
routine to focus exclusively on the faster dynamics of the friction material consumption.
The prognostic algorithm is tested against 40 simulated fault-to-failure processes, where
the wear of the brake pads evolves dynamically as a function of the system behavior and
operating conditions (temperature, dynamic load, fluid pressure), with increasing number
of particles Np (from 50 to 5000), and it is evaluated according to the traditional metrics
provided by [34], namely the prognostic horizon, evaluated as the first real RUL value
for which the prognosis falls within a ±20% threshold of the real RUL, and the Relative
Accuracy, RA, defined as a function of the ground-truth value of the RUL (RULr) and its
expected RUL value.

RA = 1 − |RULr − RUL|
RULr

(21)

An example of the prognostic output is provided in Figure 15, where the system
behavior is plotted against the number of simulated landing procedures NL.

Figure 15. Prognostic performance against simulated dataset (Np = 5000). The feature values are
expressed in radians.
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The behavior of the particle-filtering algorithm is investigated in two steps: first,
considering the “filtering” performances, thus evaluating whether the system can correctly
assess the severity of the on-going degradation, and second, considering the long-term
prognostic capabilities. Figure 16 depicts the behavior of the particle-filtering algorithm
with respect to the simulated ground truth for the landing sequence already used for
Figure 15, evidencing that the particle distribution considers the estimated values assumed
by the hidden state (the linear measure of the brake pad wear progression) and the selected
feature. This information is given considering four equidistant prediction instances, with
indication of the considered simulated landing. It can be observed that the results of the
particle-filtering routine are compatible with the simulated ground truth in all the shown
cases, highlighting that the algorithm is able to coherently track the fault growth from the
fault detection until imminent failure conditions.

Figure 16. Comparison between PF and simulated ground truth during the filtering stage (Np = 5000).
The feature values are expressed in radians.
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Figures 17 and 18 describe the algorithm behavior against the simulated ground
truth from a prognostic perspective. The estimated RUL distribution is coherent with the
ground-truth and achieves convergence towards the simulated end of life.

Figure 17. Comparison between estimated RULs at different prediction steps (Np = 5000,
EOL = 600 landings).

In Figure 17, the RUL distribution at each considered prediction step is depicted along
with the selected value, corresponding to the RUL estimate with the highest probability of
occurrence according to the algorithm. The ground-truth EOL, coming from the simulation
dataset, is also provided. The results show that the real EOL always falls within the
prediction distribution, in the near proximity of values of risk of failure equal to 1. While
offering preliminary insights, a more rigorous approach would be to compare the predicted
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RUL distribution against a real RUL distribution; this figure attests that the algorithm
converges to the EOL in the analyzed case, providing promising results.

This observation is confirmed by the α-λ diagram in Figure 18. The small deviation
of the expected RUL from the simulated ground truth close to EOL is attributed to the
prediction uncertainty increasing relative to the RUL estimate.

 

Figure 18. Dimensional α-λ diagram.

The prognostic performances of the algorithm are presented in terms of Relative
Accuracy and Cumulative Relative Accuracy in Figure 19, where the results are averaged
over the 40 simulated landing sequences. It can be observed that the average Relative
Accuracy remains well above the 80% threshold while scoring high marks in CRA as well.
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Figure 19. Prognostic performances (RA, CRA).

7. Conclusions
This paper presents the preliminary development of a prognostic framework for

electro-mechanical brakes (E-Brakes) in executive-class aircraft, specifically addressing the
challenge of developing PHM solutions when historical “run-to-failure” data is unavail-
able. The study successfully established a high-fidelity multi-physical model, integrating
mechanical, electrical, and thermal dynamics to generate a statistically significant database
of degradation trajectories. On this basis, a particle-filtering algorithm was designed to
estimate brake pad wear and predict the Remaining Useful Life (RUL) by exploiting the cor-
relation between wear progression and the electric motor’s maximum angular displacement.
In terms of benefits for the research community, the proposed methodology demonstrates
that a “landing repository” architecture, which progressively builds a statistical represen-
tation of usage profiles, allows for reliable stochastic RUL predictions even without prior
field data. Furthermore, the framework proves that effective prognosis can be achieved
using only in situ signals (such as motor position and currents), eliminating the need for
additional weight-critical sensors. While simulation results are promising, the primary
limitation remains the lack of experimental validation, which is inherent to the prototype
nature of the system investigated. Experimental activities are identified as the mandatory
next step once the physical test rig becomes operational. From an operational perspective,
the proposed PHM framework serves as a key enabler for transitioning from scheduled
maintenance to Condition-Based Maintenance (CBM). Currently, brake wear monitoring
in this class of aircraft relies on periodic visual inspections of wear pins, a procedure that
requires ground personnel and increases turnaround time. By providing a continuous,
digital estimation of the Remaining Useful Life, the proposed system eliminates the need
for manual checks. It is important to clarify the scope and limitations of the present study.
The proposed PHM framework has been developed and evaluated using a high-fidelity
simulation environment because the electro-mechanical brake system considered in this
work is currently in the prototype development phase, and experimental run-to-failure
datasets are not yet available. In this context, simulation represents a necessary tool to in-
vestigate degradation behavior and to support the preliminary development of prognostic
algorithms prior to experimental validation becoming available. The objective of this work
is therefore not to define a universally applicable health indicator but rather to demon-
strate a methodological framework for PHM development applied to electro-mechanical
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braking systems. The selected feature, based on the maximum angular displacement of
the electric motor, is directly related to the kinematic architecture of the actuator–brake
assembly and to the increase in pad–disk clearance caused by wear. While the specific
indicator is linked to the considered actuator configuration, the proposed methodology can
be extended to other electro-mechanical braking systems employing similar sensing archi-
tectures and actuation principles. In this sense, the main contribution of the study lies in
the development of a simulation-driven PHM design methodology, capable of supporting
the early-stage development of prognostic solutions even when operational degradation
data are not yet available. Future research will also expand the framework to include disk
wear effects and to manage multiple simultaneous failure modes within a unified Bayesian
data-fusion scheme.
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