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SUMMARY

Wheels and brakes are the most significant contributors to aircraft component
maintenance costSpecifically, @arbon brakes have a high initial cost, and their current
Time-Based Maintenance (TBM) practice, which involves performing maintenance
activities at fixed intervals, often leads to unnecessary inspections and increased aircraft
downtime. Shifting taCondition-BasedMaintenanc€CBM), based on the actubkalth
stateof the brakes, can help reduce maintenance costs, increase aircraft availability, and

enhance carbon brake liéad safety atailored insights can be provided to reduce wear

CBM is enabled by Prognostics and Health Management (PHM) stusiesh
focus ondiagnosing current component health gmedicting futureconditions and
performanceCarbon brake and theimaintenanceare a significant revenue stream for
manufacturersyho arealsograntedaccess to operational data from their customers. Big
data analytics on such data enables innovative solutions to optimize brake maintenance.
While traditional condition monitoring techniques lacked rgate predictive
capabilities the advent of Digital Twin (DT) technology and the abundance of
multidomain data availabilithas given rise t@ newDT-driven condition monitoring
approachusing enhanceddatadriven methods such as Artificial Intelligence (Al) and
Machine Learning (ML).This advancement enables predictive maintenance by allowing

for timely detection and prediction pbtential risks anfailures

Still, the existing literature on carbon brake wear highlights several gaps. These
include the lack of understanding of the effects that varying operational and

environmental conditions have on carbon wear, the limited use of advanced ML
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techniques on highimensional datasets from actual operations, and the lack of
generalizability assessments and enhancements of predictive models across different
domains (e.g., varying aircraft types). Therefore, this research aims to develop an
optimized and generalizable dateaven methodology that predicts carbon brake wear
based on various parameters, including airespéicific parameters, operational

conditions, and environmental factors

This research addresses the identified gaps by developing a robust and repeatable
methodology calledAIM -Wear (Advanced Implementation of Machine Learning for
Wear Monitoring). This framework is not only tailored for monitoring wear in aircraft
brakes but can also be adapted to other components subject toFwsiarclustering
techniques are used to identibyake wear patterns andhrying ranges of aircraft,
operational, and environmental parameters corresponding to different levels of wear
severity. By integrating multidimensional datasétscluding aircraft data, weather
conditions, and airportharacteristio$ this methodology captures a more comprehensive
view of the factors influencing brake wear. The findings validate that clustering
techniquesvith optimized hyperparametersliably categorize brake degradation severity
based on operational and environmental variables. The results highlight the ability of
clustering algorithms, such as-Means and DBSCAN, to achieve high accuracy in
aligning with true wear labels while uncovering nuanced patterns and trends. This
integration of clustering and feature selecttbroughsupervised methods likeandom
Forestnot only enhances the understanding of wear dynamics but also enables more

informed and proactive predictive maintenance strategias. approach couldlsolead
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to adjustmentsn duty cycleproceduresi.e., dynamometebrake performance test®

better reflect actual operations.

Next, supervised ML algorithms are used to develop classification models that
better determine the severity of carbon brake wear based on varying operational and
environmental conditions. Such capability allows flights experiencing excessive brake
wear to be identified along with the influencing facté&xscomprehensive benchmarking
of classifiers revealed that the LGBM classifier is thgest performer, achieving
exceptional results across all metrios. well-tuned Decision Tree classifiealso
demonstrated comparable performance, offering valuable interpretability. These models
not only provide reliable predictions but also quantify prediction uncertainty, ensuring
robustness in reatorld applications. The findings validate that supervised ML methods
are highly effective for predicting brake wear severity, highlighting the relevance of
feature importance analysis in uncoverimfjuential factors. Furthermore, the results
emphasize the tradeoff between achieving high predictive performance and practicality,
particularly minimizing false negatives, where actual high wear is predicted asalow

critical consideration for safety and operational deployment

The problem is then tackled as a regressask for more accurate and precise
brake wear predictions using traditional ML and advanced Deep Learning (DL)
techniques, allowing for a benchmark of multiple algorithms and assessing their
suitability for DT modeling purpose3.he findings reveal that traditional ML models,
such as the Decision Tree Regressor, outperform DL madelerms of predictive
performance, computational efficiency, and interpretability, which @rgcal for

predictive maintenance in aviation. The Decision Tree Regressor achieves the lowest
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Mean Squared Error (MSENd highesCoefficient of DeterminationR?), demonstrating
consistency and efficienay training. Advanced DL models, such asng ShodTerm
Memory (LSTM) perform adequatelycoémparableR?) but require significantly longer
training times, confirming that the performance gains from DL do not justify their
complexity for this task, supporting the preference for traditional ML approaches.
findings also highlight the importance of selecting modeling techniques aligned with
specific operational requirements, emphasizing the role of feature engineering and data
preprocessing in enhancing model performance. Refined data habgliadopting a

more granular approach to the datach as using pdlight data without condensation or

leveraging rawull-flight data, could further improve predictions.

Both regression and classification models rely on the availability of wear pin
signals from flight data, which indicate the percentage of carbon brake disk remaining.
These signals are reported inconsistently, approximately every ten flights. To address
this, Step 3 of the methodologglso investigates the optimal frequency for collecting
wear pin values, determining how often operators should report carakethickneses
for aircraft lacking electronic wear pin sensors. This enables the development of
supervised predictive models for such aircrafte results confirm that increasing wear
pin signal reporting frequency enhances prediqterformanceup to a threshold, beyond
which further increases yield diminishing returfghe findings revealthe optimal
reporting frequency for wear pidatato be every six flights, minimizing MSE while
balancing data granularity araperational efficiency This frequency supports precise
wear pattern detection without overfitting or excessive noise, enabling maintenance staff

to schedule inspections effectively.
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Furthermore, the generalizability of the predictive brake wear models is assessed
to determine whether specific models need to be developed for different data segments
(or domains, such as diverse aircraft types), or if a single model can provide acceptable
performance across the entire dataset. The findings reveal that -aptiiized
generalized model effectively handles variations within the fleet, achieving robust
performance across different aircraft types. This approach confinaisa single,
generalized model trained on diverse data is more efficienbatidr performinghan
multiple specialized modeldt also simplifies the maintenance stratggand reduces
computational overheddly eliminating the need to stordeploy,and maintain multiple

models.

Lastly, Transfer Learning (TL) techniques are incorporated to explore their
potential to enhance model performance across the different data segialesns as
distinct variants of the widebody aircraffhe findings reveal thaTL significantly
enhances model adaptability and performamtemaller or less representative datasets,
such as the larggized aircraft variadt s  d .g-or anstante, Y leveraging knowledge
from the broader datasetsf the smallessized variantgVariants 1 and 2)significant
reductionswere achieved on thiémited dataset of théargersized variantVariant 3)
These results confirm that TL not only boosts model generalizability across varied
domains but also improves computational efficiency by reducing training and prediction
times. This strategy enables the development of a unified, accurate model for predictive
maintenance across diverse conte@g. reducing the need for multiple models and
frequent retrainingn Step 4 and the use of TL in Stepte AIM-WearapproacHurther

optimizes resource use, supports reliable maintenance scheduling, and enhances
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operational efficiency, directly benefiting the aviation industry's safety and cost

effectiveness
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CHAPTER 1: INTRODUCTION

In 2015, the Airline Cost Management Group at IATA released a rppesenting
the cost structure of 55 airlineshich, combined,account for 20% of the industi].
This report show Maintenance andOverhaul being the third largest contributor to
operating costsamounting t09.4% (~$13.4B) preceded byruel and Oiland Aircraft
Ownership While expenses for the latter are mainly uncontrollable or irreducible, there is
potential to optimize costs through more efficiemintenancestrategies and predictive
analytics.Figure 1 below presentghe operating cost structure for these airlidasing

FiscalYear(FY) 2013.

Air Navigation Other

Charges 4.1% 1.2% Total =
Passenger $142.4B
Service 4.2% (55 airlines)
Airport Charges
4.9%
Fuel & Oil

Cabin Attendants 33.4%

5.1%

Station &
Ground 6.5%

Reservation &
Ticketing 6.5%

Flight Deck

Crew 6.8% Aircraft

Ownership 10.6%

General &

o . o
Administrative 7.3% aintenance & Overhau
9.4%

Figure 17 Airline Operating Cost Breakdown FY 2013[1]

More specifically, @¢ect maintenance costs cahen be divided according to

activities like line maintenance, engine overhaul, and component maintenance. This
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breakdown is also provided by IATA for FY 2013 and is presenteldignre Al of
Appendix A [2]. While component maintenance accounts for only 15% of direct
maintenance costs, it is still significant, amounting to ~$2B for the 55 airlines combined.
The aviation consultancy ICF International further breaks down maintenance costs by
components, as shownigure2 [2]. In particular, it reveals thAWheels and Brakeswe

the most significant contributors to component maintenance, accounting for 30% of the
cost (i.e., ~$0.6B for the 55 airlines). This revelation does not come as a surprise since

wheels and brakes are, in fact, highly consumable

Hydraulic Power
3%

Electrical 4%

Flight Controls 5%

. Wheels &
Equipment & Brakes 30%
Furniture 6%

Thrust
Reversers 7%

Fuel Systems

10% Avionics 17%

APU11%

Figure 27 Component Maintenance Cost Breakdowrj2]

As in the design phase, airworthiness must be considered in all parts of the
maintenance and repair phag8s The preventative maintenance of critical systems,
such as brakes, and the corrective maintenance etntaral systems, such as inflight
entertainment systems, ensures aircraft airworthiness. Preventative maintenance often

involves scheduled events, while corrective maintenance tends to repair systems once
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they completely break down or fail, often leading to unscheduled events. The current
preventative practice, TirABased Maintenance (TBM), schedules maintenactieities

based on fixed time intervals determined by a specified number of flight hours, cycles, or
days, whichever comes firgt]. However, these scheduled events can often be omitted if

t he component 06 knbwn ddforehandb].0As slicht TIiBM practice can

unnecessarily increase operational costs and aircraft downtime

For future practice, the aviation industry, among &hés shifting towards
ConditionBased Maintenance (CBM), which is based on thetmeed health status of a
component[6]. CBM practice reduces Maintenance, Repair, and Overhaul (MRO)
process time and costs and increases aircraft availability, enabling operators to maximize

the utilization of their assets bmostrevenug7].

Carbon brakes and their maintenance, also a part of the acquisition package, are a
significant revenue stream for aerospace manufacturers such as Collins Aerospace. To
enhance brake design anthintenance activities, manufacturers are granted access to
their customersé6é operational dat a, al |l owir
solutions to optimize brake maintenane@d reduce wearEnhanceddatadriven
solutions are expected toltimately reduce airline operating costs while increasing

aircraft availability.

To enable this shift towards CBM, fault diagnostics niusta s sess a compon
current health state, and its future condition or Remaining Useful Life (RUL) thnerst
be estimated via failure prognosti&. In turn, the projected RUL can help operators

make more informed decisions on the optimal time to perform maintenance on the
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component[9]. These two active research areas are part of a broader field known as

Prognostics and Health Management (PHM
1.1 Overview of PHM

PHM is an interdisciplinary field that aims to predict the future health and
performance of systents componentbased on regime data analysis to avoid potential
failures or performance degradation. It is a rapidly growing field, driven by increasing
demand for predictive maintenance and the widespread availability of sensor data and
other data sources. As more and more systems become connected and instrumented,
PHM applications continue to grow exponentiallfhe PHM processcollectively
includes sensor data collection and preprocessing, diagnostics, prognastits,
maintenance decisiemaking asillustrated inFigure 3 below[10Q]. It aimsto optimally
manage a systembébs health by minimizing the
the associatedosts whether direct or indirect maintenance cgét§. As such, it must
also consider constraints such as the available maintenance resources and the operating,

economic, and environmental requiremdit.

Condition .
Assessment Prognostics

Figure 37 Prognostics and Health Management Proce$40]
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While fault diagnostics and failure prognostics are vital aspects of PHM, they
serve different purposes in predicting and preventing component failure. Fault
diagnostics involves identifying a systensisrrent health state, including the specific
type of fault or failure that has already occurred, its location, and its sej/E3]tylt
typically relies on techniques such as Fault Tree Analysis (FTA) or Root Cause Analysis
(RCA) to identify the source of the problgiid]. As such, fault diagnostics is reactive

and focuses on identifying and fixing aristingissue

On the other hand, failure prognostics involves tracking the time evolution of
fault properties, predicting a system or compondutisre health and performance, and
estimating the time interval left until the system or component reaches a failure threshold
or breaks (i.e., RUL)13]. Prognostics uses refiine data analysis and predictive models,
such as datdriven or physicdased models, to estimate the future state or performance
[14]. Thus, failure prognostics is proactive and focuses on predicting and preventing
failures or performance degradation before they occur. Consequently, prognostics is used
to explore questions about system criticality that could trigger actions for maintenance or
repair[15]. The Venn diagram ifrigure 4 summarizes the similarities and differences
between diagnostics and prognostics. Both concepts are significant to PHM and are used

to ensure the reliability and longevity of systems or components
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Diagnostics Prognostics
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- - prediction
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Isolation * Confidence
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Figure 47 Relationship Between Fault Diagnostics anéailure Prognostics[16]

1.2 PHM Enablesthe Shift to CBM

By providing continuous monitoring and analysis of components and systems,
PHM enables the shift from TBM to CBM. After collecting and examining data on a
component's health state and performance, PHM systems can identify when maintenance
is required based on its actual condition rather than adgiermined maintenance
schedule. This shift allows for more efficient and esf$éctive maintenance practices

accompanied by the following benefjis/]:

1. Improved Maintenance Plannind®HM allows maintenance teams to identify
potential issues before they occur, enabling them to plan maintenance activities
proactively. Maintenance schedules can be optimized by grouping multiple
components requiring service around the same timeframe, reducing the need for
separate maintenance events and enhancing operational efficiency

2. IncreasedAircraft Availability: PHM systems caalso decrease asset downtime
due to scheduled maintenance events by reducing unnecessary inspections. Such

systems also reduce unscheduled events by monitoring component health and
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detecting potential failures early. Both improve aircraft availability, enabling
operators to maximize their assets' use and generate higher.returns

3. Reduced Maintenance CasBHM systems also reduce maintenance costs by
minimizing the frequency of maintenance activitiesheduled and unscheduled)
and optimizing the use of resources (e.g., supply chain management, labor, etc.).
This ultimately leads todecreasg@ maintenance costs while preserving and
improving component reliability

4. Improved SafetyAs PHM allows for the early detection of potential failures or
performance degradations, it can prevent catastrophic failures that could lead to
aircraft accidents. For instance, if brake pad degradations are not detected early
on, runway overrun events could occur, putting passengers and crew at risk.
Detailed safety analyses, including Functional Hazard Assessments (FHAs) and
Fault Tree Analyses (FTAs), which outline the risks associated with failing to
decelerate the aircraft on the ground at both the aircraft and wheel brake system
levels, can be found in Appendix C

5. Enhanced Performancd?HM provides insights into component performance,
enabling the optimization of their lifetimes. Fmstance if PHM studies show
severe degradation of a particular component under a specific operating
environment, operators could then find solutions that minimize degradation in that

environment or plan to avoid it entirely

Given the above benefits, PHM is becoming an essential part of aircraft design to

improve reliability, safety, and efficiency
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1.3 Future Designs Enable PHM

PHM is increasingly being integrated into the design of future aircraft. The Advisory
Council for Aeronautical Research in Europe (ACARE) expectsn@bel aircraft to
incorporateessentiaklements needed f@BM by 2050[18]. The several ways in which

PHM is being incorporated into upcoming airciddsignsanclude

1. Sensor IntegrationFuture aircraft are being designed with the installation of
numeroussensors to collect data about the performance and healtariols
components. These onboard sensors measure a myriad of parameters (e.g.,
temperatures, pressures, vibrations, etc.) and provide massive amounts of real
time data that can be used to monitor system hgs#}h Figure5 below presents

sample systems monitored onboard aircraft during operation

Fuel Management Flight Controls & Airframe
-Fuel level (Capacitance, Reed/Float -Flaps/Slats/Spoiler/Aileron position
Switch) sensors
Fuel quantity signal conditioners -Rudder/elevator position
-Refuel panels -Door position/proximity
-In-Tank hamesses -Landing gear position/pressure
Air Data Sensors -RTD temperature sensors -Brake temperature
-Air data computers -Pressure sensors & switches
Densitometers

-Angle of Attack sensors
Total air temperature
-Total air pressure
-Stall warning computers

-Oxygen level sensor

P i
4 A .*_' $9800004g = tisagy 8 /
-4 . L1 MAALLITTTTT TP - <5

- e L .
il -

Health & Usage

Monitoring
-Fatigue meter
-Inertial and piezoelectnc H: t
" ydraulic Systems
accelerometers Ef:gllﬁelsn?n??r? “Hydraulic fluid level Waste & Potable Water
: : O S empaTeNe (Capacitance, Reed/Float -Waste/Water level
Cabin & Environmental flx"aus;‘ gak temparatire Switch)
Control Systems Tier dflerantial, pressure Filter/Pump differential
-Bleed air pressure
-Cabin air temperature Ol level pressure
-Cabin air pressure -Pressure switches
-Humidity sensors Ol ismpaecative -RTD temperature
-Flow meters x: g
sensors

-N1/N2 Speed sensors
-Position sensors
-Accelerometers

Figure 57 Onboard SensordMonitor Aircraft Systems During Operationg20]
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2. Big Data Analytics Advanced data analytics techniques are used to process and
investigate the vast amounts of data the abovementioned sensors ggtigrate
For instanceArtificial Intelligence (Al) and Machine Learnindgvl ) algorithms
can detect anomalies, predict component degradations and potential failures, and
recommend maintenance actions

3. Wireless Data TransmissiotWireless data transmission technology (e.g., 5G
networks) is being used to transmit health data from the aircraft to ghased
maintenance teams ineaktime [19]. This transmission allows for remote
monitoring of the aircraft's health, enabling proactive maintenance activities and

lowering the risk of sudden failures

The above drivers have given rise to a field called Integrated Aircraft (or Vehicle)
Health Management, IAHM (or IVHM). IAHM is a concept that involves the integration
of various PHM technologies and techniques to provitleliatic view of aircrafthealth
[21]. These integrated systems are designed so that hardware and software work
seamlessly together. As such, IAHM combines data from various sources, including
sensor data, operational data, and maintenance records, to provide a complete picture of
the aircraft's health and performance. It then uses advanced analytics techniques, such as

AI/ML algorithms, to analyze the data and provide insights into potential issues

To encourage the use tiie available data, thé-ederal Aviation Administration
(FAA) released Advisory Circular (AC) 4318 on 07/08/2022, guiding the certification
of health monitoring systems in aircraft such that operators can develop and use their own
IAHM programs [22]. The AC outlines the requirements for IAHM systems to be

certified as a part of an aircraft's type design, as well as the methods for showing
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compliance with those requirements. The AC covers several areas, including data
transmission and security, data analysis and implementation, the maintenance of such
programs, and the documentation and training of personnel on appropriately using the

IAHM system[22].

1.3.1 Evolution of AHM in Commercial Aviation

Figure 6 below shows the evolution oAHM in commercial aviation, which
starts with the firsgeneration aircraft (e.g., B727, B} that would monitor individual
components or systems using paistiest technology23]. Typically, abutton or switch
in the cockpit tests a specific system to ensure its proper function. In the early 1980s,
secondgeneration aircraft (e.g., B757, B767) began incorporating -BuilTest
Equipment (BITE), a selfliagnostic tool that allows the avionics system to monitor itself
for faults or malfunctions. BITE is designed to perform diagnostic tests automatically and
continuously while the aircraft is in operation and can detect various problems, such as
software and hardware failures. Thehird-generation aircraft (e.g., A320, B7400)
that were introduced in the late 1980s included a Centralized Maintenance Computer
(CMC), which collects data from multiple sources for various systems (e.g., avionics,
engines, and others) and analygds identify and troubleshoot potential problenite
CMC plays achiefrole in maintenance programs, as it stores information about past and

upcoming maintenance tasks and is used to plan activities more effectively

1C
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Figure 61 Evolution of IAHM in Commercial Aviation [23]

In the 1990s, fourtigeneration aircraft (e.g., B777) were introduced with modular
avionics, which refers to standardized and interchangeable components. In this
architecture, each avionics system consists of several modules, each performing a
specific function. These modules can be more easily replaced or upgraded as needed
without requiring significant changes to the aircraft's wiring or other systems. This
architecture thus allows for greater flexibility in configuring the avionics systems while

also reducing weight and improving reliability

Most recently, the fifttgeneration aircraft introduced in the 2000s (e.g., A380,
B787) include Structural Health Management (SHM) capabilities, which require a variety
of sensors to be implanted in different parts of the aircraft, such as the wings, fuselage,
and landing gear. These sensors continuously monitor the loads and vibrations an aircraft
experiences during operations and transmit this datiaetoentral monitoring system in
the cockpit. The SHM systemetectsstructural changes or damage, including wear,

cracks, and corrosion

11
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As highlighted inFigure6, the industryleading aircraft designed for IAHM is the
Boeing 787 Dreamliner. It is known for its advanced technology and interconnected
design, which positions it at the forefront of integration. The-gexieration aircraft are
expected to feature IAHM with prognostiapabilities.To reach such an advanced level
of integration, prognostic models for specific aircraft systesns initially being

developed and tested on the B787

1.3.2 Boeing 787 Dreamliner

The Dreamliner is a widebody aircraft that can fly a more extended range than
most commercial aircraft, allowing airlines to operate tbagl routes more efficiently
and profitably.Table B1 of Appendix B shows the three aircraft variants with different
passenger capacities and rangg$. For instance, the 783 can achieve great distances

up to 7,565 nm, which is ~61% greater than those conducted by the A3 24 7).

This revolutionary aircraft is unique in many ways. For instance, it is made
primarily of composite materials, which are lighter and stronger than traditional
aluminum, allowing for enhanced fuel efficiency and reduced maintenanced 2gstis
fact,the 787 is one of the most fuefficient commercial aircraft in operation, as it allows
for a 20% reduction in fuel consumption compared to sirsilzed aircraftf26]. This
efficiency not only reduces operating costs but also the aircraft's environmental impact.
Furthermore, the 787 incorporates more electric systems, eliminating the need for
specifichydraulic systems that are heavy and can be a maintenance burden, thus enabling
more efficient operation26]. One such system is the 787's Eleditechanical Braking

System (EMB&
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The EMBS combines electric and mechanical components to apply pressure on the brake

pads to slow down and eventually stop the aircrfjure 7 outlines the EMBS

architecture, which uses 28V system power and includes wheel speed monitors, Brake

System Control Units (BSCUSs), Electronic Brake Power Supply Units (EBPSUs), and

Electronic Braking Actuator Controllers (EBACSs) for motor confg].
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Figure 77 B787Electro-MechanicalBrake SystemArchitecture [27]
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Electric motors activate four actuators on each brake to apply force to the brake calipers,

which press the fiveotor carbon disk assembly (i.e., heat stack or carbon brake pad)

against the wheel28]. The friction generated decelerates the aircraft until it comes to a

complete stop. With time, the thickness of the carbon disk assembly reduces as it wears.

Physical wear pinsn each brakeasshown inFigure8, visually indicate theemaining

brake padhickness[29]. The extent of wear pin protrusion directly reflects the brake
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pad's level of degradation. As the brake pad material wears down, the wear pin slowly

aligns with a reference surface, signaling that replacement is needed.

Figure 817 SampleWear Pin onan Aircraft Brake [29]

In addition, the 789 s E MB S wear pih serds@ssthat record the position of
the actuators when pressed onto the carbon disks and deduce their remaining thickness
[26]. These sensors are designed to monitor brake wear and indicateepla®ements
areneecd As suchtheyare an essential safety feature on the 787'drigalystem, as
they ensure that the brake pads are replaced before they become too worn to provide
effective braking. The 787 is the first commercial aircraft equipped with this technology.
The electronic wear pin reading provided by the airdaafeach brakes typically more
accurate than a simple visual inspection of the physical wear Hpmwever, his
electronic measurement is taken inconsistently every ten or so flights, just before landing,
as the brakes are stiitold-soaked (i.e., when they are still cold from cruising at high
altitudesfor prolonged periods Thus, his dataallows forsemiinstantaneousvear state
analyss of the brakes, eliminating the need for physical measurements of the wear pins
by groundengineers and facilitating the creation of solutions to optimize current brake

maintenance practices, which are detailed as follows
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1.4 Brake Maintenance

Aircraft brake maintenance can be categorized into scheduled and unscheduled
maintenance. Unscheduled events occur when a problem is suddenly detedied ar
component fails unexpected|$0]. Such events may include emergency repairs to the
braking system, replacing a brake component that has failed prematurely, or conducting a
special inspection after an abnormal event, such as a hard landing or a Rejected Takeoff
(RTO). Indeed, incidents associated with high brake energies continue td2gc@ne
example is the runway overrun of flight WN1248 at Chicago Midway in 2005 caused by
untimely use of reverse thrust, lack of crew familiarity and training of the autobrake
system, and operational uncertainties as the flight experienced more tailwind than
expected. Tis event resulted in multiple injuries and one def@f). Figure 9 below

shows the aircraft following thevent

Figure 97 N471WN Runway Overrun at Chicago Midway in 200931]

On the other hand, scheduled maintenance, performed under TBM, involves routine
inspections, cleaning, lubrication, adjustment, and replacement of brake components at
predetermined intervals. The maintenance schedule may be based on the number of flight

hours, landing cycles, or calendar tifi32]. In the case of brake pads, visual inspections
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of wear pins are performed by ground engineers at these fixed intervals, which can vary
depending on the type of aircraft, operating conditions, regulatory requirements, and the
manufacturer6s recommendati ons. For i nstar
inspections every certain number of days. Subsequently, the brake pads are replaced if

the wear pins are worn beyond a certain threshold. However, these inspections are often
unnecessary as carbon brakes typically conduct thousands of landings before they are
entirely worn.As such, onducting frequent inspections can be pricey and laborious and

may lead to unnecessary replacement of brakeggldsemaininguseful life

The wear pin sensor on the B787 is designed to decrease the number of
unnecessary brake inspections by providing a more accurate and reliable way to monitor
brake pad wealtt intends to detect when a brake pad has worn down to a certain level; at
this point, an alert is sent to the maintenance system that the brake pad needs to be
replaced. This redaime condition estimate reduces the frequency of unnecessary
inspections and replacements, saving time @swurcesvhile ensuring the continued
safe operation of the aircrafe3, 33]. Figure 10 below illustrates how PHM systems
generally all ow eliminating schedul ed ma i
performance level reaches a quefined threshold.This approach increases the
maintenancdree operating period (MFOP), which refers to the duration an asset can
operate without requiring planned maintenance, thus enhancing efficiency and reducing
unnecessary downtim@4]. Given the wear pin sensor values, the EMBS on the 787
could be one of the first cases whar€BM policy substitutes a TBM polidB5]. This
maintenance practice revolution is also accompanied by a shift in brake pad material for

reasons detailed subsequently
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Figure 1071 Elimination of Scheduled Maintenance Tasks via PHM23]

1.5 Shift from Steelto Carbon Brakes

Aircraft are increasingly adopting carbon brakes over steel brakes. This shift is
driven by numerous factors, including weight savings, improved performance, and
reduced maintenanaequirementg36]. Even though carbon brakes have higher initial

and overhaul costs, they are preferredstrerakreason$36].

First, carbon brakes are made from lightweight, {pghformance materials that
can withstand high temperatures and provide excellent stopping p8&jeBecause of
this, they help lower the aircraft's overall weighhgducing fuel consumption and
operating costsThe weight savings comparison between carbon and steel brakes of
several aircraft is shown ifable B2 of Appendix B. Carbon brakes also have excellent
wear characteristics at high temperatures, primarily dependenthemumber of
applications, which leads to a longer service life than steel brakes and helps reduce

maintenance costs and aircraft downtii3€.
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In addition to weight savings and improved performance, carbon brakes are also
less susceptible to corrosion than steel braked theyare immune to welding, which
happens when the parking brake is applied too soon after a high energy stop (e.g., RTO)
and the rotors and stators of steel brakes fuse. Moreover, carbon brakes are less
susceptible to fade when the brakes overheat or when the friction material if3@jorn
As such, carbon brakes require less frequent maintenance and can provide better

reliability and consistency over time

Given the benefits of carbon brakes, their demand is projected to in§B¥ase
38]. Market Research Reports projects a Compound Annual Growth Rate (CAGR) of
6.19% from 2021 to 2028 for aircraft carbon brakes, with commercial brakes accounting
for over 90% of the global markgB7]. Table 1 below captures this projected growth.
Additionally, Table B3 of Appendix B lists a variety of aircraft equipped with a specific
carbon brake product, whether electrically actuated (e.g., B787) or hydraulically actuated
(e.g., A320)[39]. Given this upsurge in carbon brake demand, it is vital to understand

what causes their wear, as will be discussed. next

Table 11 Aircraft Carbon Brake Market Size[37]

2021 Market Size 2028 Market Size (est.) | CAGR* Growth 2021-2028
$1.24B $1.89B
Commercial Brake Aftermarket Segment 6.19%
Revenue Contribution Revenue Contribution '
90.51% 93.64%
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1.5.1 Carbon Brake Wear

Carbonbrakes are designed to last a certain number of landings, called Landings
Per Overhaul (LPO). Generally, the brake manufacturer will provide a recommended
LPO for the specific brake model, which may be basethotors such as the design of
the brake, the padding materials, and the expected operations. For example, the
recommended LPO for the B7@&arbon brakes is typically around 2,000 landif3.
The manufacturer usually designs and tests carbon brakes for a specific airctafias a
sizefits-all6for all customerglespite varyingperationsasthe design LPO is found via

a predetermined set of duty cycles.

Duty cycle testing for aircraft brakes involves subjecting the brake assembly to
simulated braking event®.g., hot or cold taxi events, landing everitsgvaluatetheir
performance and durabilitynder diverseonditions. This testing aims to ensure that the
brakes can withstand the demands of noramal abnormaflight operations and safely
bring the aircraft to a stojp variouscircumstancesHowever, current duty cycle testing
poorly reflectsthe operational variations of different airlines and route structures, which
is why inaccuratdab-to-field LPO projections existAircraft-specific factors(including
the weight and type of the aircrgfairport characteristicssgch asrunway length and
elevation) environmental factorésuch as static air temperature and relative hunjdity
and operating conditions (like flight duration and turnaround tica) all impact the

wear and tear on the brakes, afiegthe overall LP(29, 32, 3§].

In addition to diverse operating conditiomsline maintenance practices can also

play avital role in determining the LPO for carbon brakes. Regular inspections and
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maintenance can help detect and address issues affecbrakdes performance and
longevity, thus extendingg service life and reducing the need for overhaul. Furthermore,
the pilot's technique also has a significant impact on the overall LPO, including the
number of braking applications used, the timeliness of braking, along with the use of the

autobrake system, reverse thrust, and speed bfae82, 36].

Notably, arlines often pay for brakes on a péanding basis, meaning they incur
costs as they use the brakés such,LPO is decisivein determining manufacturer
contract pricing for airline customers, as it helps both parties plan for future maintenance
requirements and estimate costs. Brake manufactyygcslly use the operator's average
LPO from previous years to determin@ost Per Aircraft Landing(CPAL) rates
However, this approackloes not consideestimats of future LPOs, as it does not
account for changes in operating conditions or other factors that may impact brake wear

and maintenance requirements.

To improve the accuracy of LPO estimates for contract pricing, brake
manufacturers may use various factors in addition to an operator's historical LPO data,
including the type of aircraft, operating environment, and maintenance history, as well as
data from sensors and monitoring systems that track brake performance-timeeal
Examples of operational factors that affect carbon brake wear are discussed in more

detail below

1.5.2 Operational Effects on Carbon Brake Wear

The wear of aircraft carbon brakes can be influencechdoyyoperational factors,

including[29, 32, 36]:
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1. Landing weightThe aircraft's weight at landing explicitly impacts the wear of
carbon brakes. Heavier aircraft typically generate higher kinetic energies
during landing, resulting in higher brake temperatures and potentially
increased wear. Landing weight is influenced by factors such as onboard fuel,
cargo load, and passenger count. According to Boeing, carbon brake wear is
much less sensitive to airplane weight than steel brake[@@ar

2. Landing speed The speed at which an aircraft lands can also affect carbon
brake wear. Higher landing speeds can result in higher brake temperatures and
more aggressive braking, potentially leading to increased wear. Boeing also
highlights that carbon brakes are much less sensitive to airplane speed than
steel brake§36].

3. Piloting techniquesThe piloting techniques employed during landing and
taxiing can also significantly affect wear. Smooth and consistent braking and
proper use of thrust reversers and other deceleration methods can help
minimize brake weaf32]. Moreover, the frequency and intensity of brake
usage during landing and taxiing calsoimpact carbon waaAs mentioned,
Boeing reports that carbon brake wear primarily depends on the number of
brake applicationsOne firm brake application causes less wear than several
light applications, and maximum brake life can be achieved during taxi using
a few long, moderatelffrm brake application§36].

4. Environmental factorsThe aircraft's operating environment, such as ambient

temperature and humidity, can also affect carbon brake degradation. For
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instance, higher ambient temperatures can increase brake temperatures and
slow brake cooling29].

5. Runway conditionsThe runway's condition, including factors like runway
surface, length, and slope, can also impact carbon wear. Runways with rough
surfaces, shorter lengths, or steeper slopes may require more aggressive
braking and lead to increased wear

6. Maintenancepractices The effectiveness of aircraft maintenance practices
(e.g., brake inspections, cleaning, lubrication, etc.) can also impact carbon
brake life [32]. Proper maintenance ensures that brakes are functioning

optimally, minimizing weat.

Additionally, carbon brake wear caisovary depending on the aircraft typad
its operations In another report published by Boeing regarding brake energy
considerations in flight operations, it is stated that shaut flights with short turaround
times appear more prone to brake problemg9]. Shorthaul flights are often
characterized by frequent takeoffs and landings, leading to more aggressive braking,
higher brake temperatures, and potentially increased wear. Boeing continues to state that
shorthaul flights can be just as detrimental to brakes as a singleehigylgy stop (e.qg.,
RTO); this is primarily due to insufficient time for cooling between landings, which is
affected by environmental conditions and ground operations (e.g., use of portable fans)
[29]. Note thatcooling mayalso be uneven between brakes. Furthermore, diait
flights typically involve smaller aircraft that may have higher landing speeds, which can

result in higher brake temperatures and potentially more wear. The landing weight of
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these smaller aircraft may also be proportionally higher relative to their brake size, which

can further exacerbate the wear

As such, light operationdend tominimize the amount of energy going into brakes in
numerous ways, including using reverse thrust promptly upon landing, using the
minimum autobrake level consistent with operational requirements, conducting a more
extended rollout on appropriate runways, following recommended taxi techniques in the
Flight Crew Training Manual, and using inflight gear extended cooling, which is the most
effective cooling method according to Boeirfgnally, the flight crew caralso use

onboard brake cooling fans if pres¢29).

While there is a general understanding of the operational and environmental factors
that can impact carbon brake wear, the exact relationships and magnitudes of these
effects are stillpoorly understood. Carbon brake wear is a multifaceted phenomenon
involving numerous features, such as brake temperature and pressure, and the interactions
between these features. As such, their combined effects on brake wear are not yet fully
characterized. Additionally, the wear mechanisms of carbon brakes are complex,
involving processes such as oxidation, abrasion, and thermal degradation. Various
operational and environmental factors can affect these wear mechanisms, but the precise
impact of each factor ooarbonwear is still missing. Consequently, further research is
needed to clarify the operational and environmeataiditionsimpactingcarbon brake
wear.A better understanding would helpprove brake design maintenance practices,
and operational procedures to optimize brake performance, extend brake life, and reduce

maintenance costs
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1.6 Observations and Research Goal

Thegoalof thisresearchs to

Develop a condition monitoring strategy for aircraft carbon brakes to reduce
associated maintenance costs and provide tailored operational insights to enhance brake

life andaircraft safety

The need for such a strategy is supported by the fact that wheels and brakes are the most
significant contributors to aircraft component maintenance ¢tkst3he latter is further
exacerbated by current TBM practices that lead to unnecaasagctions and increased
aircraft downtimemotivating a shift to CBM to schedule maintenance based on the real

time status of componeni’-11].

Moreover, the effects of various operational and environmental conditions on
carbon brake wear are still not fully understood, stressing the need for continuing
research in this area. By leveraging PHM capabilities, this research will develop a CBM
approach for carbon brakes tailored to specific operational conditions, improving brake
life and aircraft safety while reducing maintenance costs. This approach will be based on
detailed brake performance and wear data analyses, considering different factors such as
diverse flight operations and environmental conditions. Ultimately, this research aims to
develop a comprehensive and effective conditimnitoring strategy that operators can

use to optimize carbon brake maintenance and enhance aircraft safety and availability.

This dissertation is organized as follows. Chapter 2 presents background

information on traditional condition monitoring strategies and the emergence of DT
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technology. Chapter 3 then details the problem formulation, which focuses on the
predictive model development as part of a broaderdiMen condition monitoring
strategy for aircraft carbon brakes while considering offline model optimization.
Subsequently, Chapter 4 reviews the relevant literature regarding the modeling and
prognostics of brake wear across the aerospace and automotive indusdri@ghlights
limitations Chapter 5 discusses the formulation of research questions and the
development of corresponding hypotheses and experiments. Chapter 6 then presents the

available datasets for this research.

The methodology is summarized in Chapteaid the implementation and results
of each step are presented neXhapter 8discussegshe first step of themethodology
developed to cluster distinct brake wear patteaddressing Research Question 1.
Chapter 9then discusses a supervisedL approach to classify different brake
degradation severities that flights experience and the results of implementing this
approach, addressing Research Question®.3.1SubsequentlyChapter 10 addresses
the problem as a regressitaskto predict continuousvear values using conventional
ML andDeepLearning(DL) techniques. It also explores finding the optimal reporting
frequency of the available wear pin signals, thereby addressing Research Questions 2.4
and2.5. Chapter 11thenpresents the development and application of a methodology to
assess model generalizability, examining whether wsgeneralized model on the entire
dataset or separate models for each domain (i.e., data segment) is more effective for
predicting carbon wear experienced thne brakesof different aircraft variantslt also
evaluates the potential of Transfer Learning (TL) to enhance model generalizability

across the widebody aircraft varignirectly addressing Research Questions 3.1 and 3.2.
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Finally, Chapter 12 concludes this research work and outlines future directions for further

study.
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CHAPTER 2: BACKGROUND

Traditional datadriven techniques have long been the cornerstone of maintenance
strategies in condition monitoring, providing valuable insights into system health.
However, the landscape has experienced a transformative shift with the adDegitabf
Twins (DTs), ushering in a novel approach known as-@iven condition monitoring.

This chapter delves into the limitations of traditional methods, the rise of DTs, and their
pivotal role in shaping a new method for condition monitotingt enables predictive

maintenance

2.1 Traditional Condition Monitoring (CM)

Datadriven condition monitoringnethodshave improved with advancements in
sensor and communication technologies and data mining techniques. However,
challenges persist in providing explainable and reliable results due to several limitations,

including [41]]:

1. Limited data availability andinadequate data quality Traditional CM
techniques often rely on limited data sources due to insufficient sensing and
data inaccessibility, especially in harsh environments such as- high
temperature areasurrounding aircraft brakesSome sensors maglso be
incapable of measuring specific parameters, such as temperature or pressure,
limiting the ability to detect potential issue&dditionally, traditional
technigues may not consider outside influences, such as environmental or

process changes that can impact component health. For these reasons and
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others, the available data is often not rich enough to train robust algorithms
[42].

2. Limited modelingcapabilities Traditional techniques may rely on simple
statistical models or rulbased systems to analyze data, limiting their ability
to identify complex patterns or relationships. For example, the performance
degradation of a component evaluated using historical data via statistical
methods may only illustrate the average degradafiii. Traditional
techniques have also struggled to predigerse future operational conditions
that are difficult to estimatausing traditional sensors and data mining.
Moreover, traditionaimethodscan find it challengingo handle large volumes
of data, even if available

3. Weak ability to support redlme decisiormaking Traditional techniques
may generate alerts or reports that require manual interpretation and analysis,
which can delay decisiemaking and increase the risk of unplanned
downtime. They typically lack redime data flow and can only offer
reference material rather than optimal and final decigjd8s For example,
an engineer or technician may need to intervene and manually review multiple

data sources to determitiee optimal maintenance time

Traditional condition monitoring techniques may struggle to provide
comprehensive, accurate, and timely information about component health. As such, they
lack the capability for reaime prediction, which can limit their ability to detect potential
issues, optimize maintenance schedules, and prevethedulednaintenance events

Given these limitations, many organizations are turning to more innovative methods,
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such as ML and big data analytics, to enable predictive maintenanpegactive
maintenance approach enabled Ibyeraging large amounts of data and models that
facilitate realtime decisioamaking. One artifact that combines several concepts, such as
AI/ML or physicsbased models, to create an updated and holistic representation of an
asset's behavior and condition is the DT. The following section will introduc®The
conceptand detail its expansion to encompass condition monitoring, revolutionizing how

maintenance strategies are developed and executed

2.2 Digital Twin (DT)

Thenotion of DT originally appeared in aerospace in the 1970s, where it was used
to mimic the behavior of multifaceted systems such as spacptfpftater, in the early
2000s, its theorization was proposed by Dr. Grieves during a Product Lifecycle
Management course. He described the DT as a system consisting of physical products in
the real space, from which information flows to virtual products in the virtual $pdlce
Then, in 2010, NASA defined the DT in aeronauticsiaa n i nt e gphgsicse d mu |
multi-scale, probabilistic simulation of a vehicle or system that uses the best available
physical models, sensor updates, fleet history, etc., to mirroliféhef its flying twird
[44]. This definition refers to simulations often used to support system design,
verification, and validatiorj44]. The evolution of the definition of a DT is shown in

Figurell below.
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Figure 111 Developmentof the DT Definition [44]

Post 2010, the definition of DTs evolved to focus more on the industrial sector
[44]. For instance, Lee et al. proposed the DT as an improvement in predictive
manufacturing and defined it as an-doud simulation[45]. Similarly, Rosen et al.
specified that DTs allowed for realistic predictions and decisiaking support by
merging real data with simulatiopi46]. Chen then also defined the DT as an electronic
model of a system that embodies all functionalities and the relations betweepifiem
Later, specific authors recognized the DT as a representation of the production system
that integrates simulations and data from various sources across the product lifecycle
[44]. Another recent definition claims that the DT is a virtual illustration of a system

recurrently updated with its performance dat4.

DTs have seized increased attention from academia and industry due to their ability
to simulate and inform the development of novel product design, production, and service
strategies. The AIAA Digital Engineering Integration Committee concisely defines a DT

asanvirtual represent at i o renabldd byathe ncessanedath e d
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exchange between the virtual and physical counterpéti18-51]. The benefitoof DT

span the entire product lifecycle, from early in the development phase, throughout the
manufacturing and service phases, until later in the disposal phase. This research will
focus specifically onthe use ofDTs in the service phase for performance health

monitoring and maintenance, as showikrigurel12[48].

Service
Phase

+ Product design + Production + Performance & » End-of-life reuse
+ Resource planning process planning health monitoring + Remanufacturing
+ Manufacturing + Manufacturing + Maintenance & * Recycling
process design process control control of fielded
* Maintenance of products
manufacturing + Path planning
equipment

Figure 1271 Benefits of DT Throughoutthe Entire Lifecycle

2.2.1 Expansion of DT for CM

DT technologyhascreate both new opportunities andgifficulties for condition
monitoring.In one respec¢tDTs can deliver a complete viewotao mponent 6 s heal
performance as they integrate data from several sources, includifignealensor data,
historical data, or data generated from simulations. This fusion of data can enable more

effective and proactive maintenance decisitaking

Conversely, the complexity and scale of DT systems raise multiple challenges for
condition monitoring. As DTs may involve multiple subsystems and layers of data,
monitoring and analyzing this data often requires advanced analytics tools and expertise.

This data also needs continuous updating so that the DT remains an accurate
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representation of the behavior of the real syst€m.nf i r mi ng t he DTO06s
critical, as errors or inaccuracies can lead to poor maintenance decisions or operational

failures

In mid-2022, Lui et al. conducted a methodical literature review on the theoretic
and handsn development of DTs in progressing condition monitof#iy. Specifically,
it is pointed out that the growing trend of papers in both Ghgerimentatiod and
(orototypé categories implies that Ddriven condition monitoring is moving towards
realworld application[41]. Moreover, a relation mapping of all the keywords directly
linking condition monitoring to D¥ is conducted, as shown iRigure 13 [41]. As
expected, AlI/ML plays a significantrole in the emergence of Bdriven condition

monitoring to determine RUL and enable predictive maintenance

// (_Cloud computing)

(Prognosis)
Prognosis)

— SR - o g—

) i
((Condition monitoring )
e

Figure 1371 Relation Mapping of Keywords in 95 Publications[41]]

As such, the emergence of DT technology has given rise to a new approach to

condition monitoring, which leverages rdehe data to produce virtual models that
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mirror system performancé&or instanceAl/ML algorithms analyze the data and detect
patterns, deviations, or anomalies in the system's behavior. The virtual representation
allows for realtime monitoring of the system'’s condition and predicting potential failures
before they occufThis growing approach to condition monitoring is driven by multiple

factors, which will be discussed next

2.2.2 Dirivers of DT-Driven CM

DT-driven CM relies on data integration from the actual and virtual systems to
provide an inclusive understandinlygisaf a ¢
customized and immediate process to assess the current health state and simulate
different scenario$52]. Multiple factors drive the shift towards the use of DTs in CM.

First and foremost, it is supported by abundant data, as sensors andatéserurces

make multidomain data increasingly availapi¢]. The data is also multilevel, meaning

t hat a ¢ o mgo bemmbinédswithdtte thighdevel system data and stored in
integrated databasesvhichst or e hol i stic information ac:
lifecycle. Moreover, the rapid advancements in Al/ML technologies have enhanced the
capabilities of DTdriven CM, making it increasingly viable and effecti\l]. Such

advanced datdriven methods include

1. Performance Evaluation Individual performance of components or assets
can be recorded across varying operating condifieB$54].

2. Anomaly Detection Outliers can be more easily identified since variables in
locations that are hard to access or under extreme conditions can now be

monitored (e.g., brake temperaturgsh, 56|.
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3. Health Monitoring : Reattime DT variables can be leveraged to generate a
Health Indicator (HI) for the componej#2, 57].
4. RUL Prediction: RUL can then be found using a model that estimates the

damage of the particular failure mojis, 58-60].

By identifying and addressing issues promptly, complex system performance can be

optimized, leading to increased operational efficiency and productivity

Another main driver of Didriven CM is the requirement to shifoward
predictive maintenandél]. The DT produces updated information, enabling forecasts of
future behavior to extend the lifespan of pgfs, 62]. Thus, it is essential to advocate
integrating DT and CM techniques to realize predictive maintengddée This
integration enables proactive maintenance, where activities can be planned btwed on
actual system condition, reducing downtime and maintenance costs compared to those
incurred by traditional preventive or reactive approachbe nextsectionfurther details

the transition from corrective maintenance to predictive maintenance

2.3 Maintenance Mode Shifty Path to CBM+

Maintenance (MX) can be broadly categorized into hierarchical levels based on the
method taken to manage the components or assets, including corrective MX, preventative
MX, conditionbased MX (CBM), and conditichased MX plus (CBM+)as shownn
Figure 14 To begin with, corrective MX, also known as reactive or breakdown
maintenance, involves repairing or replacing the component after it fails or breaks down.
This approach is typically characterized by unplanned downtime due to the need for

unscheduled maintenance events, which are only performed after the equipment no
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longer functions appropriatef3]. While corrective maintenance can be esf§tctive
for noncritical components with low failure consequences, it can result in higher long
term costs, increased downtime, reduced part life, and higher safety risks, especially

when conducted on critical components such as aircraft brakes.

The next level is preventive maintenance, also known as-Besed Maintenance
(TBM) or planned maintenance, which aims to reduce the risk of equipment failure by
scheduling systematic inspections or maintenance tasks at predetermined intervals. These
intervals are based on a fixed schedule or specific usage parameters (e.g., operating
hours), allowing for proactive management of potential issues before they result in failure
[63]. This approach is generally flebased; for instance, A320 family aircraft are
required to undergo an-gheck every 120 days, 750 flight hours, or 750 flight cycles,
whichever occurs firsf64]. Such schedules enable early detection and resolution of
potential issues, reducing the risk of unexpected breakdowns and enhancing asset
reliability. However, preventive maintenance can lead to -ovaintenance or under
maintenance, as it does not account for the actual condition of each component. For
example, scheduled inspections or maintenance events may be redundant for aircraft
carbon brakes, which are typically designed to last around 2,000 landings for the B787
[65]. These scheduled tasks increase downtime and operation@ costs that could be
minimized if realtime brake condition monitoring were available, allowing for

maintenance based on actual wear and usage

Consequently, there is a shift toward CondiiRased Maintenance (CBM), a
proactive approach that relies on rgale or nearreattime monitoring and data analysis

to assess the health and performance of componéitss6, 67]. By continuously
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tracking asset conditions and performance trends using sensor data, maintenance
activities are performed only when needed, based on actual system requirements. This
approach enables optimized maintenance schedules, reduced downtime, and extended
asset lifef67]. However, implementing CBM requires investment in sensors, monitoring
systems, and data analysis capabilities, making it restntergsive upfront. While initial

costs are higher, CBM offers loftgrm savings through reduced maintenance and

operational expens¢63, 68].

Recently, the Department of Defense (DoD) introduced CBM+, an evolved
approach to predictive maintenance that builds upon CBM by incorporating advanced
technologies and methodologies, including AI/ML, DTs, Physics of Failure (PoF), and
digital simulations. At its core, Al and ML algorithms drive CBM+ by delivering -data
driven insights into component or asset health and performf@®e68]. These
algorithms process large volumes of data, such as maintenance logs and operational
metrics, to detect patterns, anomalies, and trends that reveal maintenance needs.
Advanced analytics not only uncover hidden relationships and forecast future events but
also evaluate the impact of different maintenance strategies, directly supporting decision

making[69].

DTs add another dimension to CBM+ by integrating sensoropedational data
with other relevant information to create a detailed,-tie@ view of asset healtf#1].
Through DTs, maintenance teams can conduct scenario analysesf simatlations,
and risk assessments, making maintenance planning more precise and afzgjtdbye
enhancing prediote performance and reliability, DTs enable betterformed

maintenance decisions, optimize resource allocation, and reduce downtime. This
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integrated approach maximizes the value of maintenance strategies, improving asset

management and operational efficiency across the lifecycle of critical systems

In addition, integrating techniques such as PoF into CBM+ provides valuable
insights into the physical mechanisms drivicgmponentdegradation and failurgs3].
PoF leverages physitmsed models, material science, and engineering principles to
predict the likelihood and impact of component failures under a range of operational
conditions [14, 70]. This information can help firkune maintenance schedules,
determine optimal maintenance actions, and design assets that are both reliable and

robust.

Digital simulation further enables the creation of virtual environments that
accurately replicate asset behavior and performance under diverse conditions. These
simulated environments are invaluable for training and strategic deomsikimg,
allowing maintenance teams to explore various scenarios, assess maintenance strategy
effectiveness, identify potential issues, and optimize operations without resorting to
physical testing methods, such as costly dynamometer brake t¢4fing2]. This
approach yields substantial time savings, reduces costs, and minimizes the risk of

unexpected failures

In essence, the maintenance approaches, summarizEadjure 14, span from
reactive strategies, such as corrective maintenance, to proactive, predictive approaches
Il i ke CBM. The DoDés CBM+ framewor kandui | ds
DTs, among otheadvanced analyticgacilitating a proactive, datdriven strategy that

provides a comprehensive view of asset health and perfor@8dgg]. By leveraging
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CBM+, organizations can develop maintenance schedules tailored to specific component
needs, optimize resource allocation, reduce downtime, and extend asset life, thus

enhancing operational efficiency and reliability
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Figure 1471 Four Levels of Aircraft Component Maintenance

This shift toward predictive maintenanag, CBM+, is fundamentally reshaping
not only how maintenance strategies are implemented but also how systems engineering
processes are structuredisliaccompanied bg transition from a traditionally document
focused mindset to a dynamic digital engineering mindset, which serves as the foundation
for the evolution of D¥driven strategies, as will be explored in greater detail in the next

section.

2.4 Transition to Digital Engineering

In systems engineering, the development and verification of seidétal

components, such as aircraft brakes, haaditionally relied on a documesdentric
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approact{71]. This approach is welepresented by the systems engineerirgadel, as
shown inFigure15[72]. The \-model illustrates the systematic flow from requirements
definition to system validation and certification. On the -kefbhd side of the V,
requirements are decomposed from the system level down to individual components. On
the righthand side, the process transitions to integration and verification, where each

component and systetavel requirement is validated against predefined crif@dis/ 3].

' \
Aircraft : System il Component
Requirements |!| Requirements |i| Requirements |!
Identification || Identification |i| Identification |;

Component : Component ' System ; Aircraft
Design 1| Verification i Verification |i| Verification
1 H |

C

Validation |

Figure 151 Systems Engineering WVDiagram [72]

This method provides a clear, structured framework for ensuring that design
objectives are met and that all systems comply with regulatory and operational
requirements. However, a noteworthy limitation of the docusfanised methodology
lies in its static natureas @gineering teams often depend on disconneeketents (e.g.,

requirements documents, design specifications, test plans, and verification )records
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which can lead tprocessnefficiendes redundant efforts, and challenges in maintaining

traceability,especiallyas systems become more comgley.

For instance, in the context of aircraft braking systems, the traditional approach relies
heavily on maintaining separate documents for various stages of the systems engineering
process. Failure modes are defined through comprehensive safety assessments, such as
Fault Tree Analysis (FTA) and Functional Hazard Analysis (FHA), which are further
detailed in Section C of the Appendix4, 75]. These documents are complemented by
additional records that outline software and hardware design specifications, as well as
detailed methods for compondevel verification and validation. While this document
centric approach has proven effective in ensuring safety and compliance, it can become
increasingly cumbersome and rigid when faced with the need to rapidly integrate new
operational insights. For examphigvelopingpredictive analyticsools usingthe wealth
of data generated from-gervice operations often requires iterative updates. However,
the siloed nature of traditional documentation makespitusesgime-consuming, limits
collaboration, and increases the risk of inconsistencies across the lifEtijcl@hese

challenges highlight the need for a more integrated and flexible approach.

The evolution of D¥driven condition monitoring offers an opportunity to shift away
from the traditional documeittentric mindset, paving the way for a more dynamic and
integrated approach to systems engineering. By embedding operational and design data
into a unified digital framework, DTs facilitate a digital engineering approach that
enables redlime updates, greater traceability, and enhanced collaboration across
disciplines, all while maintaining the rigor of traditional safety verificatidimis

transition closely aligns with the progression from theliggram to the ModeBased
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Engineering (MBE) Diamond, shown kigure 16, representing transformative shift in
systems engineering practidéd]. Unlike the linear and static nature of thediagram,

the MBE Diamond emphasizes an integrated and iterative approach that spans the entire
lifecycle of a system. At the core of this framework is the concept of the Digital Thread,
which connects all stages of developn@edesign, modeling, simulation, delivery, and
ongoing servicé through a seamless and unified flow of information, enhancing the

ability to manage complex systems effectivigly, 76].

Source: Boeing

Figure 167 MBE Diamond [71]]

This framework fosters seamless collaboration across disciplines by embedding real
time data and system models into every phase of the lifecycle. For instance, during the
service phase of aircraft brakes, the Digital Thread enables advanced performance health
monitoring by integrating redlme operational data from braking systemarsd other
relevant systemsThis data, gathered through onboard sensors, is fed into the system
models to assess wear, predict remaining life, and optimize maintenance schedules. These

insights ensure that iservice data drives actionable outcomes, such as identifying
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abnormal wear patterns or scheduling proactive maintenance, ultimately improving safety

and operational efficiency.

By leveraging the Digital Thread in the service phase, the MBE Diamond overcomes
many of the limitations of the traditional documénmtused mindset. It eliminates silos,
reduces redundancy, and enhances traceability, ensuring that every stakeholder has access
to a single source oinformation [71]. This holistic approach not only improves
efficiency but also ensures that safetitical components, such as aircraft braking
systems, meet rigorous certification and operational standards throughout their lifecycle.
Building on this foundationthe next chapter discusses the problem formulation for
creating a DIdriven condition monitoring approach for aircraft carbon brakaabling

their predictive maintenance.
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CHAPTER 3: PROBLEM FORMULATION

As previously mentioned, traditional condition monitoring techniques lack the
capabilities for accurate, retime predictiong41, 43]. The emergence of DT technology
gives rise to a new approach to condition monitof#iy 52]. Supported by multidomain
dat a availability t hroughout t he compone
capabilities, DFdriven condition monitoring can revolutionize maintenance pmactic
enabling the shifttoward predictive maintenancg4l, 52]. Figure 17 shows a
representation of the DT conceluring the service phase, for instance, the physical
system supplies #light measurements through flight records and operational data to the
virtual system, which, in turn, provides improved operation settings and an optimized

maintenance schedule for the physical system

X X
” X [

Product 4 nt“&\\ ) Production 4 Raupoort & Services

o &

Physical Asset

Figure 171 Representation of DT Concep{52]
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3.1 DT-Driven CM Framework for Carbon Brakes

In the case of aircraft carbon brakes, a-@iven CM strategy would first track and
predict the degradation profile of the carbon heat stack to eventually guide decision
making regarding the optimal time to replace the brake. This process involves the
creation of a DT of the brake pad that integrates data from various sources, such as
onboard sensors amdeather reportsThe DT would be used to imitate the behavior of
the actualcarbon heat stackwhich is critical for safe operations. By continuously
monitoring and analyzing data from the DT, the strategy can track the degradation rate of
the brake pad and forecast when it will reach a failure threshold. Ultimately, the DT
driven approach can enable decisinaking around the optimal time to replace the brake

by providing a more accurate and timely system health assessment

Figure18below provides a visual for the framework of the-B¥fflven CM strategy of
aircraft carbon brakes. Sensor measurenfems various onboard systems, including the
braking systemare collected from the physical system and preprocessed. Additional
features can also be generated from adperationaldata. Environmentafactors can
supplement the sensor data to enhance the digital brake mmpdbatter depicting the
conditionsthat the systenexperiences in operatioithis use of multiplelata sources to
align the physical system with its digital representation is known as the pkysical
virtual connection (P2V)[12]. Various modeling approaches, such as -daitzen,
physicsbased, or hybridnethods can be leveraged to create tbayital System (DS)
[12]. The P2V connection also includes fault diagnostics and failure prognadstics
anticipate the brake's imminent health status and the progression of its degyadation

discussed irSection 1.1]12]. Maintenance personnel or engineers tlean use these
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results to decide on the optimal time to replace the brakes or provide recommendations
on reducing wear based on specific operational requirements. This piot®sa as the
virtual-to-physical connection (V2P), is only partially autostdhtas it includes human
involvement andmust be addressed promptly to prevent unforeseen malfunctions

requiring unscheduled maintenarjd@.

Focus Area: Model
Development

Physical System / Optimization \
» Sensor Data
« Humans-in-the-loop - z‘ ‘a Preprocessing
,. 5 0 + Feature Calculation

Virtual-to-Physical: “ Physical-to-Virtual:

+uQ + Predictive Maintenance = Fault Diagnostics
+ Operational Recommendations = Failure Prognostics
o

« Optimize Decision- . p 5P +  Data-Driven Modeling
Making = e : I8 - Physics-Informed ML

- /

Virtual System

Figure 181 DT-Driven Framework for Aircraft Carbon Brakes

Highlightedin Figure 18, Uncertainty Quantification (UQ) and Optimization (OPT)
are essentialelementsof the entire DT process as they better characterize the actual
system in the digital realm, refining the correctness and effectiveness of the digital model
[77]. UQ involves evaluating and quantifying the uncertainties associated with the data
used to develop the DT models and those associated with the models and algorithms
themselveg77]. It involves identifying and characterizing the sources of variability and
assessing their impact on predictions. Example techniques for UQ include sensitivity

analysis, probabilistic modeling, and Monte Carlo simulafiofh.
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OPTalsoserves a crucial function in all dimensions of the DT and can be segmented
into two main groups. The first is offline optimization, which occurs during the P2V
connection developmenbefore deployng the DT [77]. This type of optimization
includes sensor placement optimization, which entails finding an ideal way to collect the
data to maximize the value of informatip#iv]. Offline OPT also includes optimizing the
physical system modeling. For example, this involves enhancing the performance and
efficiency of ML algorithms bygenerating andelecting the most relevant featusssd
most suitable algorithey tuning hyperparameters, and optimizing the model architecture
[77]. The second category is online optimization, which occurs as part of the V2P
connection after the DT has been deployed and is in opef&iihri-or instance, this can

involve identifying the optimal time for maintenance or replacement of a component

As emphasizedn Figure 18, this research focuses on developing the DT model as
part of the overall DT process. Incorporating UQ and OPT into the process makes it
feasible to create more accurate and dependable ntodeiprove decisiormaking and
boost system performance. The forthcoming subsection will explore the diverse modeling
approaches that DTs can harness to replicate the actual system's behavior in a virtual

environment

3.2 DT Foundationi Advanced Modelling Methods

Modeling methods are essential in creating a digital replica of the physical system.
Advanced modeling techniques enable the digital model to characterize component
behavior in diverse operating conditiof$2, 77]. Depending on the objective and

complexity of the DT, modeling techniques are commonly categorizeflli#ito
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1. Physicsbased modelingor first-principles modeling) This method uses the
underlying physical laws and principles governing a system. PHyaged models are
typically based on mathematical equations that accurately represent the behavior of the
physical system under different situatioms. simulate the varying physical effects, these
mathematical models are usually solved by software, such as Computational Fluid
Dynamics (CFD) or Finite Element Analysis (FEA) programs such, they are high
fidelity models[43]. However, they are often complex and require a high level of
expertise to develop, which can be twmnsuming, computationally intensive, and
costly. To reduce their complexity, these modéypically rely on simplifying
assumptions, which can also limit thgderformanceand applicability to specific

scenariog78, 79].

2. Data-driven modelingThis method uses statistical analyses or Al/ML algorithms
to identify trends and connections within the data without necessarily considering the
system's underlying physics or mechanidi®g]. This method is especially valuable
when the underlying physical process is poorly understoathenthe modeled system
is complex and has many interdependent variad&s The primary benefit of data
driven modeling lies in its capacity to encapsulate nonlinearities between the variables
and to make predictions based on the learned relationgtigp$80]. Typically, these
methods are more efficient, l@wfidelity modelsthat are easier and faster to develop
than physicdbased models[12]. However, they often lack interpretability and
generalizability. Since these models do not incorporate the system's underlying physics,

they may not be able to extrapolate beyond the range of the trainiN@d&3.
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3. Hybrid modeling:This method combines the strengths of phyb&sed and data
driven modeling tdorm a more accuratdepictionof the physical systerjiL2]. Hybrid
models cargraspthe complexinterplay between differensystemcomponents andre

suitable for simulating the system's response under varied cond&®8S].

Given this, model selection is typically a tradeoff between model fidelity and
computational efficiency12]. Model fidelity refers to how well the model represents the
realworld system, whereas computational efficiency refers to how quickly the model can
be run and the computational resources it requires (e.g., memory footprint, run time, etc.).
More complex models, such as phydiesed models, are often higtitelity models
since they are constructed upon detailed knowledge of the system's underlying physics
[12]. However, these modetse typicallymore computationally expensive. Instead, data
driven models can be more efficient but may not capture all system compl¢k#fjes
Thus, the model selection hinges on the particular application, the availability of the data,
and the computational resources at hand. For this research,-dridata approach is

chosen, as detailed below

3.3 Data-Driven Model Selection for Modeling Aircraft Carbon Brake Wear

This researchfocuses ondatadriven modeling methods for predicting aircraft
carbon brake wear for several reasons. First, there is an absence ekiowellequation
for aircraft carbon brake degradation that depends on aispafific parameters in
combination with operational and environmental factors. For instance, duty cycle testing
currently varies parameters such as initial temperatuigitial/final speeds, and

deceleration rate (i.e., torque). However, parameters such as ambient conditions are not
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controlled. Additionally, attempting to model the physics behind carbon brake wear
through CFD or FEA can be complicated and teoasuming. In contrast, dathiven

models can establish a direct relationship between operating scenarios and brake
degradation, identifying intricate wear patterns to forecast RUL from extensive datasets

[12, 86].

Datadriven models can also be scaled to multiple systems that experience wear
without requiring specific domain knowledd#&2, 87, 88]. Moreover, they can make
predictions rapidly, even though a réi@ahe requirement is not needed in this case, since
a prediction on the order of days is sufficient to reroute an aircraft for maintenance. In
addition, using datdriven modeling does not pose a significant risk since regulatory
bodiesmandate an inspection interval much shorter than the expected brake life. For
instance, a visual inspection of the brake wear pins is required at each wheel removal,
whose time interval varies depending on the aircraft [g@f The intervals for checking
the brake wear indicators for various types of Airbus aircraft, as given by each of their
Maintenance Plannin@ocuments(MPD), are shown ifTable 2 below. For the above

reasons, datdriven models are selected as the focus of this research.

Table 217 MPD Intervals to Check Brake Wear Indicator [30]

A300/A310 A320 Family A330/A340 A350 A380

8 days 6 months or 100 42 flight 10 days 7 days
flight cycles cycles
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3.4 Research Objective

Specifically, this research leverages various ML algorithms to understaohd
predictcarbon brake wear. Even though they are-folelity models, they can achieve
sufficient predictive performancen estimating carbon degradation, given vast amounts
of quality data 70]. As such, this research aims to develop an optimized, generalizable,
datadriven methodology to predict aircraft carbon brake wear based on a vast set of
parameters. The desired attributes of this methodology include the ability to rely on a
comprehensiverealdataset from the operations to assess the impact of varying aircraft
specific parameters (e.g., aircraft weight, speed, etc.), operational factors (e.g., flight
time, turnaround time, etc.), environmental conditions (e.g., static air temperature,
relative humidity, dewpoint, etc.), airport characteristics (e.g., runway length, elevation,
etc.), and their various interactions on carbon brake wear. The methodology should also
be able to handle large and complex datasgpsimize model hyperparameters, and
guantify the uncertainty of the predictions. Moreover, it shgutvide insights into the
most impactful factors influencing wear abe generalizable and transferable across
different domains or specialized data segments, such as diverse operating conditions or

aircraft types
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CHAPTER 4: LITERATURE REVIEW

Before proceeding further, it is essential to review pertinent background information
and related materials anonitoringcarbon or steel brake pad wear in the aerospace and

automotive industriesvhether or not DT technology is involved

4.1 A Survey of Literature

This section synthesizes the existing literature, discusses thastrumental

advancements in brake wear modeling, and highlights the challenges involved

4.1.1 Proprietary Modeling:First DT of Aircraft Landing Gear

In collaboration with Infosys engineering services, GE builtfirgt DT of aircraft
landing geaf89]. They initially identified typical failure poirg where sensors could be
placed to monitor wearleading to the addition 084 sensors, including hydraulic
pressure and temperature sen$88. Advancedanalytics in reatime led to the creation
of the DT, which is continuously updated. Thequentialdata is collected once per
second (on average) and is utilized to identify irregularities and diagnose any issues.
Predictive analytics is then run to determ
downtime [89]. Note that the modeling is proprietary, and no insight is given on the
technique usedrigure A2 of Appendix A shows the pump sensor dashboard, which uses

confidence intervals to quantify wuncertain
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4.1.2 Data Deficiency: Overlooking Environmental and Operational Effects on Wear

Certain studies exemplify the shift towards leveraging historical andtieal
operational data (although limited) in ML algorithms for various purposes. Oikonomou et
al. evaluate the viability of prompt RUL prognostics using historical data collected from
three similarwidebodyaircraftfrom an airline'sfleet, where each is equipped with eight
brakes [35]. It is emphasized that the inherent data stochasticity requires using
methodologies with uncertainty quantification. As such, the authors evaluate three
probabilistic, datadriven methods: 1) Nehlomogeneous Hidden Seiiarkov Model
(NHHSMM), 2) Artificial Neural Network (ANN) with Bootstrapping, and 3) Bayesian
Linear Regression (BLRB5]. A six-flight moving average window is employed as part
of datapreprocessing, which diminishes a model's ability to detect abrupt degradation
events. The inputs consist solely of one sensor viallieatingbrake pad thickness and
the number of performed flight&ithout considering other aircragpecific parameters or
environmental conditiond€Evaluation metricare applied while ignorinthe first 25% of
the brake's life, which was justified by stating that early predictions are unreliable due to
limited data availability at the time, future operational uncertainties, and that all the
models converge close to ground truth as@life approache§35]. However, reporting
metrics for only the last 75% of the brake's life is misleading because the model may
performpoorly in earlier stagesvhile performng well in later stages. Hence, assessing
the model's performance over the entire life of the brake, not just a portioypdgant
to ensure that it is reliable and accurdter instancethe NHHSMM model drastically
fails to capture the ground truth at the beginning of the brake's operational life, as shown

in Figure A3 in Appendix A. Results show that the ML models (ANN with bootstrapping
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and BLR) outperform the statistical model (NHHSMM), with bootstrapped ANNs being
bestperforming. Still, the ML models could not accurately forecast the RUL for outliers
(i.e., degradation sets that experience much shorter or longer lifespans) reserved for
model testing, demonstrating a limited generalization capapdfly This work relies on

afew sensor inputs (excluding various operational and environmental parameters), shows
limited generalization capability for outliersand demonstrates that even advanced
algorithms struggle with accurate predictions despite transparent linear relationships in

the datd35].

In another effort, Hsu et al. implemented a health assessment and RUL prediction
methodfor landing gear based on a PHM framework showigure A4 of Appendix A
[90]. They leveraged the vibration recording from the integrated flight control
accelerometer to generate ten tigeies signal distribution parameters (e.g., amplitude).
The vibration data was nonuniformly sampled, which is not ideal for anaiysisaly
two features were chosen to train ML models after feature selection. As such, this work
also overlooked the effects of operational and environmental parameters on wear.
Logistic regression was leveraged to findHaalth Indicator (HI), which oscillated
heavily potentiallydue to external factors. Hsu et al. admit that wear changes depending
on operation, asset usage, and asset age; however, no insight was given orayvhat
have caused this oscillation. Instead, the effects of noise and missing datagesne
minimzed wusing a moving average techniqu
resulting in an updated HI that presented a degradation trend less sensitive to abrupt
evens. Next, the AutoRegressive Integrated Moving Average (ARIMA) method was

used to estimate RUL. Predictions corresponded to a forewarning of about two to three
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months, which was deemed sufficient by the partner opg@@prHowever, these results
would not be adequate for manufacturers or airlines requinngroved predictve
performance, such as a forewarniog the order of daysto reroute aircraft for

maintenance in a timely fashion

Few studies address the impact of varying operational and environmental
conditions on braking efficiencyTravnik et al. leverage ML techniques to predict
Friction-Limited (FL) landings wherethe brakingeffectivenesdetween the tires and the
runway is reducedeading toskidding[91]. Even though they do not directly predict
brake wear, they uncover insights into the complaterplay between landing
circumstances and briag performance using inputs such as atmospheric, precipitation,
runway, and aircrafspecific features Their partner, Aviation Safety Technologies
(AST), usal proprietary software to transform sensor d@ay., brake pressujeinto
guantifiable metrics of aircraft braking upon landiagd provided a large dataset of
millions of landings labeled with a binary FL indicafoe., target variable)XGBoostis
found to bethe bestperforming model, followed by Random Forest. Travnik et al. train
another model that excludes aircrgfftecific features, enabling forecasting with only a
marginal decrease in performance and proving that environmental factors play a
substantiafole in determining aircraft braking action. This finding is also supported by a
feature importance analysis using Shapely Additive Explanations (SHAP), which
highlights relative humidity and air temperatuas the most essential featurg3s, 92].

This work avoids feature selection, engineering practices, removal of correlated
variables, or dimensionality reduction prior to model training to preserve

interpretabilityy a decisive aspect in aviation The authors further propose using
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unsupervised techniques, such as clustering, on FL scenarios to identify distinct root
causes (e.g., icy runways), which could provide valuable insights for runway
maintenancehowever, they leave this investigation for future w{®R]. Travnik et al.'s
research marks progress in recognizing the impact of environmental factors on braking
performance. Still, a thorough analysis that includes a wider range of factors affecting

carbon brake wear remains necessary.

4.1.3 Simulating Variability: Addressing Data Gaps and Model Generalizability

While ML models can demonstrate superior performance in predicting wear rates
and maintenance needs, challenges persist in generalizing models to accommodate
diverse operational lifespans and conditig®3 94]. For instance, the modaieveloped
by Oikonomou et al. struggle with brakes exhibiting atypical wear pattemshasizing

the need for models that can adapt to a broader array of operational sd&shrios

Due to limited operational data availability, many studies rely on test rig
experimentor software tasimulate operational variabilityn oneeffort, De Martin et al.
developed the preliminary stages of a PHM system designed for efleetitanical
brakes (i.e., Ebrakes)[95]. The physicsbased modalevelopedn their preceding paper
simulates the entire landing proceassuming a balanced touchdown, meaning no roll
angle and an even weight spread between both main landing gef@ded¢ote that, in
reality, aircraft might not conducperfectly symmetric touchdowns, especially in
challenging weather conditions such as strong crosswinds. A synthetic database is built
using this higHidelity model and Gaussian noise is appliedthe parameters. Only a

few features are considered: 1) the time delay between the initiation of motor shaft
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motion and when the braking torque rises from zero, 2) the angular rotation between

these timesteps, and 3) the autocorrelation between the force parameter and a reference

database of its nominal valug]. As such, the inputs to the diagnostics and prognostics
do not consider the varying operational effects. For fault detection, a simple technique
where thei n p uistsbitions are contrasted with reference benchmarks of normal
operational behavipis used Particle filtering isthenleveraged for prognosisvhichis
considered valid for preliminary analyses but unsuitable fopDfposesThe resource
intensive nature of particle filtering and the potentinhccuraesd due to the
assumptions and simplifications associated with sampling stradebieder its
effectivenessn capturing complex interactions and limit the DT's taale capabilities.

Thus, research for more accurate and efficient prognosis techniques is still. needed

In another effortMagargle et al. highlight that current methods for component
healthmanagmentheavily leverage data science and limited phyaic$are restricted in
applicability to diagnostic§43]. They emphasize the need for higlhaiue capabilities,
such as DTsAs such, theyuse a physicbased strategy for heat monitoring and
predictive maintenance of automotive brakd8]. Their simulatiordb ased ADT O
integrated,numerical model)s subjected to diverse failure modes to produce abnormal
pad wear and sensor signatuMaris found via @ FEA analysis and the Archaveear
model, the formula for which is shown iRigure A5 in Appendix A. Duringthe
simulation, constant pressuseexerted on the external surfaces of the pads that interact
with the rotor spinning at a steady speed. Several pressure and speed comlanations
simulated to generate a wear response surface at the chosasropdhet brake padcnd

resultsareobtained for normal and abnormahi#lock Braking System (ABS)and sensor
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operations.The authorssuggestdeveloping additional detailed physical models to
support more operating conditiorjd3]. This highfidelity, physicsbased modelis
valuable for acquiring sensor patterns of faulty scenarios essential for training ML
algorithms. However, it does not represent a DT as it was not connected to anyeeal

data from the vehicle

Cao et alalso useAl/ML algorithms to predict brake pad lifile the automotive
industry [97]. They simulate braking events on a test bench while varying parameters
such as initial speear temperatue. They statghat previous research has focused mainly
on physical models and statistical analyses, which typically ignore randomness, sudden
changes, and nonlineariti¢d7]. One example iZhang et ab s w o rcdmbinestthe t
FEA method with an Archard wear modmhd usesa statisticalapproachto find the
likelihood of failure[98]. As such, Cao et al. acknowledge that ignoring the effects of
varying environments on wear reduces mquaformancssignificantly. Therefore, they
use Long ShoriTerm Memory (LSTM) network and ANNs to solve the complex
connection between wear loss and braking conditi@T$. The best performancés
found using ANN with Back Propagation (BPHowever, no insight is provided into the
importance of features or an understanding of which braking conditions most affect wear.
The authorslso admit that the design of the braking settings on testssstopld better
reflect actual operationsFigure A6 of Appendix A capturesthar online prediction

systend mterface[97].

Steffan et alalsostudy the impact of friction, load, and Revolutions Per Minute
(RPM) on wear using various Mtegressiortechniqued93]. Changes in the frictional

force areused to predict the degree of wear while keeping the RPM constant and vice
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versa The experimental dats obtained from a phondisc setup.Linear regression
displays the lowest Root Mean Square Error (RMSE) for both analyses, which mompt
the authors to suggest using the model for diverse,-&ragie vehiclesn particular The
authors further emphasize that forecasting wear rate without concurrenivoskl
experiments remagma significant obstaclf93]. Several other authors have also resorted
to using test setups. For instance, Chetan et al. use multivariate linear regression to
calculate weaand notea limitation in experimental setupthe assumption that specific
parameters (e.g., speed) are const@8it These parameters vary in real life, andre
advanced ML methods can be leveragedpérationaldata is availableKareem et al.
also use ANNs and experimental testto predict brake wear and temperature.
Additionally, Szczypinski et al. estimate the pad/disk friction coefficient with respect to

external condition§100, 101].

4.1.4 ML ChallengesExplainahlity, Generalizabity, and Computational Efficiery

Burnaev developand test several ML pipelines for brake pad wear prediction
using timeseries classifier§107). It is stated thaDeepNeural Networks (DNNSs) lack
interpretability and are commonly forbidden, especially when the goal is to deploy
modek into production. Such approaches are also typically too computationally heavy to
be used onboard aircraft. The input features comprise ~406séres signals thatre
not explicitly specified. This work aisto observe sensor signals during lmgkevents
and accurately predict the brake pad condifion . e . |, Anew, 0 AAftered, 0 o
preprocessing the data, two types of mode¢sdeveloped. First, models without history
(or first-level models)are constructedwhich do not consider the chronological order of

events. XGBoosis found to be thdestperforming model (accuracy ~0.7). To improve
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predictions, models with history (or secealestel models)rethen constructedly taking

the resulting probabilitieBom the firstlevel modelandfeeding them intdhe secondary
model. Figure 19 below shows the structure of these models, which use several
consecutive braking events to make a predictidhese models led to an improved
accuracy (~0.85)leemed sufficient for redife usage. The optimal model identified ase
Logistic Regression on top of the filstvel XGBoost model; this model is lightweight

and can thus be implemented onboard. Using a deep Recurrent Neural Network (RNN)
achieve similar accuracy butis much more computationally demanding. This
heavyweight model can be implemented in the cloud and is expected to achieve higher

accuracy if trained on a larger datadéi2].

XGBoost
A

15t jevel
model

Figure 1971 Structure of Burnaev's Models with History [102]

Choudhuri et al. present a novel approach for predicting brakediandwear
using ANNSsto simulae dynamometebased testing. This approach can forecast wear for
novel designs; however, its effectiveness is specific to a particular driving style and route
configuration[103. As such, no insigh provided into how varying route structures and
driving characteristics affect weafhe datais generated from dynamometer tests for
multiple brake padsinderdifferent braking regimes, which may or may not reflect the
vehicl eds a candu avérloolo gneironanéntalo parametem ANN using

gradient descent with momentum backpropagaticmevesan accuracy of ~60%d03.
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However, the prediction error for high speésisbserved to bmore significant than that

for low speeds. Instead of optimizing this model to enhance generalizability or retraining
it on a larger dataset, Choudhuri etthbndesigred two separate ANNSs: one to predict
low-speed wear and another to predict Fegleed wearwhich improves accuracy to
~85% [103. However, multiple models involve increased maintenance effort, system

complexity, training time, and computational and storagescost

Harish et al. examine the impact of vehicle and road attributes on the dynamic
forces exerted on the brake systeynsimulatingdifferent fault conditionsusing abrake
setup and a static road simulator under constant speed and brakfl @gkcé&tatistical
parametersare extractedfrom vibration signals and featuresare identified using a
greedybased attribute evaluator (i.e., best first search). Driving scerameaplit into
three conditions: lovspeed (3810 kmph), mediurspeed, and highpeed (>80 kmph);
however, only lowspeed conditionare used to developIL classificationmodels, and
LogitBoost Meta provide the top accuracyThe authorshighlight that experimenting
with various speed ranges and operating conditions is still needed to develop more

generalized mode[4.04].

Kifner et al. emphasize the need for predictive maintenance solutions that
instantly derive knowledge from data using ML in decentralized computing systems
[105. As part of their study, MLis used to produce a wear model and detect the
operational condition of the plant. First, feature extractononducted by applying a
shorttime Fourier transform on the continuously collected current parameters, avhich
then used to train RNNSs to classify individual degrees of wear. The sayegsoduced

using an experimental configuration for wear simulation with constant air pressure and
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speed which, as previously discussed, may not be accurate in reliy to the pad
material's homogeneity and the test setup's constant parameters, the wear lehavior
assumed to be linear. The Gated Recurrent Unit (GRU) model achieved an accuracy of
over 95% ands exceptionally accurate for critical westages The algorithmsare then
integrated and deployed in an embedded system forisstantaneous wear detection

and forecasting at the machine's edge. Model optimization (e.g., increasing the quantity
of GRUs, hidden layers, awidth of analysis windows)s limited by the available
resources (i.e., hardware at the machine's gd@#). In addition, the modek restricted

in the amount of training data available. Consequently, it could not recognize additional
conditions missing from the training ddte05. The transferability of the model to other

manufacturing applicatioris identified as potential future work

4.2 Observations from Literature and Refined Research Objective

Multiple vital observations can be made from the body of literature discussed

above.

4.2.1 Need for Understanding Operational and Environmental Effects on Carbon Wear

The operational and environmental effects on carbon brake wear are still poorly
understood due to the limited availability of operational data, neglect of such data, or

reliance on experimental setups and software simulations that lackaddlvariability.

4.2.1.1 Limited Data Availability or Overlooking OperatiorBhvironmental Factors

First, the availability of comprehensive, multisource, muattodal, and reafime

operational dates generally limited. For example, Oikonomou et al. predict RUL based
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on the number of previously performed flights and one sensor pargitetgrercentage

of brake pad remainingrom three similar aircraff35]. Their studydoesnot consider
environmental factors such as static air temperature or aisgrefific parameters such

as weight and speed. The datalso smoothed over a sikght moving average window,
makingthe model less sensitive to abrupt degradation events, which may or may not be
caused by external or operational factors. Hsu et al. admit that brake degradation changes
with the operating environment, i mtaensi ty
health indicator oscillageheavily. However, theylo not consider the impact of noise.

Instead, theyalsoapply a moving averageamaking thenew health indicator less sensitive

to sudden degradation incidef®0Q].

In addition, few studies account for external factors such as weather conditions. As
a result, there is still a lack of insight into their effects cambon brakewear. For
example, Travnik et alshow that relative humidity and static air temperatune
associated witltausing frictionlimited landings and suggest using clustering algorithms

to uncover the different underlying mechanig®y.

4.2.1.2 Simulating Operational Variability Using Test Setups or Software

In addition, numerous studies sim@atata using software or test sjgwhere
specific parameterare assumed to be constant (e.g., speed, pressure, etc.) and thus not
representative of actual operations. For example, Magargledsvallopeda simulation
based ADTO for aut o rimdvehicle dabj43ja Stedfan etval. alsh o u t
highlight that predicting brake wear rates regsisamulations or experimentss real

time operational dats unavailableg[93]. A drawback of using test setsifs the need to
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make assumptions that may not accurately reflectlifedbehavior.For instance, Kifner

et al. assume linear wear behavior since specific test setup pararegtainsconstant.

De Martin et al. simulate landings on a test rig under a symmetric -tioveh
assumption, which is challenging to achieve in reality during severe w¢athe0g.

Cao et al.alsostate that the design of braking conditions on a test setup should better
represent actual operatiori®97]; however, collecting such data requires abundant
experiments and is timand resourceonsuming. Even if such resources were available,
the collected data would not have the inherent variability of data from actual vehicle

operations.

As such, the need remains to assess the impact of variations in @peeific
parameters, operational and environmental conditions, airport/runway characteristics, and
their combinations on aircraft carbon brake wear using a large amount of actual and

multisource operational data

4.2.2 Need forAdvancedVlodelingTechniques

Even when adequate data is availallegradation modeling still presents many

limitations.

4.2.2.1 Use ofTraditional Statistical oML Techniques

Previous studies have focused on statistical or conventiondaebhniquesnstead
of more advance@pproachesuch asensemblemethodsand deep learningmodels
Performance degradation assessed through historical data using statistical techniques can

only showcase an average level, making the predictions for diverse operational conditions
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challenging to estimate. As Cao et al. mention, physical models and statistical analyses
often ignore sudden changes and nonlinearities in degrad@ithmnother example is

De Martin et al., who estimate RUL using particle filtering as a preliminary method and
acknowledg that a more accurate prognosis technique is still neggdConversely,
Oikonomou et al. prove that Mimodels (e.g., ANNs & BLR) outperform statistical
models (e.g., NHHSMWM and theyemphasize that advanced algorithms must be used
even when a clear linear relationship exists betwteninputs andthe RUL [35].
Similarly, Chetan et al. use multivariate linear regression. However, they suggest that
higherlevel ML algorithms can be used if rddke data is available, where the assumed

constant parameters on the test rig will Vi&@$j.

4.2.2.2 Lack of Model Explainabilityand Interpretability

Another issue with current modeling capabilities is their lackntdrpretability.
Burnaev statethat modern approachesingdeep neural networks (e.g., RNNs) are-non
interpretable and too computationally heafyr onboard use [102. To address
explainability, Travnik et al. identif globally important features causirk. landings
using SHAP, but theylo not explore local explanation¥he latter wouldallow for a
more granular understanding of model behavior by highlighting the dynamics of features
for specific predictions (e.g., only tid. samples in Travnik et al.'s studdl, 92]. For
example, certain features may appear globally insignificant but suddtantiallocal

relevance (i.e., meaningful only in specific situations)
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4.2.2.3 Limited Uncertainty Quantificatiomnd Transparency

An additional issue present in the literature is modeling withoconsidering
uncertainty quantification. For instance, Choudhuri et al. use $Ahibhout uncertainty
guantification when modeling brake wear, whereas Oikonomou et al. highlight the
necessity of quangfng uncertaintydue to the inherent data stochasticity, and they
indeed utilize such approachggs, 103. While GE includes 80% and 95% confidence
intervals in their landing gear parameter forecasts, their modeling techinigoérely
proprietary[89]. This lack of transparency can raise concerns about the prediction, and
potential flaws in the approach may go undetected. Proprietary modeling also restricts the
potential for others to build upon the techniques, hindering innovative collaboration and

leading to a lack of standardization in the field.

4.2.2.4 Lack of Structured Approach for Offline Model Optimization

Another issue commonly observed in the literatisghe lack of a structured
approach to the offline optimization of algorithms (iselectingthe most suitable model
and its optimal hyperparametesind architectude For instance, multiple studies report
optimal model architectures where hyperparameter tuisingased solely on trial and
error. One such example is Kifner et al.'s work, which sthig the quantity of the
RNN's hidden layerss restricted bythe computing resources on the edge deVi@s.
Burnaev alsadoes notprovide insights into how the hyperparameters are selected for

each modetonsidered107.
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4.2.2.5 Limited Predictive Performance dModels

Current modeling methodologies in the literatarealso limited in their predictive
capabilities due to the limited amount of data availablgirarethe influence of real and
diverse braking conditionis ignored. The need for more data on which to train madels
acknowledged. For example, Burnaev mertitivat the heavyweight model (deep RNN
combined with XGBoost)developed would be expected to achievenhanced
performancef trained on a larger datasgt02. Hsu et al. use logistic regression and
time-series forecastingo achievea forewarning of 23 months, whichis considered
sufficiently accurate by the partner operaf®Q0]. However, manufacturers might
consider such a prediction windamacceptable. As such, there is still a need to apply
more novel techniques, such as deep learning techniques (e.g., LSTM, GRU) and
ensemble methods (e.g., Random Forests), that can handle real, large, and complex
datasets with uncertainty quantification to predict aircraft carbon brake wear with

improvedperformancdi.e., on the order of days)

4.2.2.6 Poor Model Generalizability

Most models developed for brake life prediction in the aerospace and automotive
industriesare specific to a particular operating condition or vehicle type. For example,
Oikonomou et al. use data from three aircraft of the same type to develop their models
[35]. They alsado not consider the effects of varying operations @sgérveoutlier cases
that experienced significantly higher or lower brake life for model testing only.
Choudhuri et al. also report highpredictionerrors for high-speed braking than low

speed braking, which they resolve by creating two separate neural networks (i.e., one for
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low-speedprediction and another fdrigh-speedpredictian) instead of optimizing their

first model[103. It is essential to highlight that having separate models is not ideal as it
increases the required model maintenance effort, training time, and computational costs.
Choudhuri et al. also state that their model can predict wear for a particular kind of
driving over a specific route, implying poor generalizability and transferaljili®yg.
Similarly, Harish et al. simulate different fault conditions on a brake setup considering
only city driving conditions (i.e., lovepeed drivinyy and he performance of their models

is not assessed under differeimcumstancefl04).

It is also observed that data collected from simulations typically assumes that
specific parameters are constant, so their variations are not considered part of model
performance assessmerfor example, Kifner et al. generate current signatures using a
test setup for brake wear simulation under constant air pressure and speed, and Magargle
et al. calculate wear using FEA simulations assuming constant pressure and rotor velocity
[43, 105. Thus, a need remains to assess model generalizability across different vehicle

types, operating conditions, and environmental factors

4.2.3 Research Gaps, Objective, and Overarching Hypothesis

In brief, several research gaps are identified in the literature on brake wear
modeling These include a limited understanding of how different airsgdtific
parameters, operating conditions, and environmental factors affect carbon brake
degradation. Another issue is the restricted use of advanced ML techniques with
uncertainty quantification that can handle hdjmensional datasets for carbon brake

wear prediction. In addition, there is a lack of generalizability assessments of predictive
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models across various operations and environments. These gaps have guided the

development of the following refined research objective

Research Objective:Develop arexplainable generalizable, datalriven methodology
using advanced ML techniquespredict aircraft carbon brake wear based on aircraft

specific parameters, operational conditions, @amyironmental factors

With this in mind, the overarching hypothesis of this research is specified as follows

Overarching Hypothesis:If advanced ML techniques are combined with a
comprehensive understanding of the impact of various aircraft, operational, and
environmental conditions on carbon brake degradation, then a transferable and

optimized predictive model for aircraft carbon brake wear can be developed
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CHAPTER 5: FORMULATION OF RESEARCH QUESTIONS

AND HYPOTHESES

The research aims to address the gaps in current brake wear prediction
methodologies, as outlined iBection 4.2, by proposing a comprehensive, repeatable
methodology that can be applied to different aircraft systems. The methodology includes
unsupervised clusterirgjgorithms supervised ML classification and regression analyses,
and Transfer Learning (TL) techniques. The first step involves using clustering
procedures to identify groupings of specific ranges of aircraft, operational, and
environmental parameters correspioigdto different wearpatterns These groupings
couldthenbe used to define tailored duty cycles for brake testing, ultimately improving

the labto-field projections of carbon brake life.

Next, supervised ML algorithms are used to develop classification models that
determine the severity of carbon brake wear based on varying flight characteristics and
environmental conditions. These models would be able to quickly identify flights
experiencing excessive brake wear andntiost influentialfactors.The problem is then
tackled using regressiortechniques enabling more precise wear estimatBsaditional
ML and advanced deep learnimgethodsare compared to determine the optimal
approachthat balancepredictive performancand computational efficiencguch that the
models could be incorporated into a DT framework. The superaigprbachesely on
the availability of theavearpin signalfrom the flight data, which indicates the percentage

of carbon brake disk remaining. However, this parameter is repocdedsistently, and
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its optimal recordingfrequency is investigated to determine how often operators need to

measurghe carbon disk thicknessfor aircraftthat do not have wear pin sensors

Furthermore, the generalizability of the predictive wear models is assessed to
determine if individual models specialized for differatdta segments (e.g.(dlistinct
aircraft types) are necessary or if a single manslering the entire fleet would be
sufficiently accurate. LastlyTL techniqueswhich involve reusing a pr&rained model
on anotherrelated dataset are incorporated to explore whether further performance
improvements acrosgistinctdomains can be obtaingdl0g. This strategy ray lead to
time and resource savingghile improving accuracy.The methodology, termed AIM
Wear (Advanced Implementation of Machine Learning for Wear Monitoring) and
illustrated in Figure 20 below, offers acomprehensiveand efficient approach to
predicting aircraft carbon brake wear, ultimately enhancing maintenance and operational
efficiency; while applicable to any weprone component, it will be demonstrated

specifically on aircraft carbon brakes
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RQ2.1-2.3

= Identify which
parameters
influence the severity
of brake RQ2.4-2.5
degradation; allows
for tailoring of duty

cycles for specific + Detect flights
operations or experiencing higher
environments brake degradation EOEE]
than usual with a
degree of uncertainty
& identify influential + Determine more
features precise prediction of
brake wear & how
frequently operators

would need to report
wear pin for a/c

h | + Determine if
without electronic predictive brake
wear pin sensors wear model

generalizes across
different domains

(e.g., a/c variants) + Improve model performance
across different a/c variants

Figure 201 The AIM -Wear Methodology

In line with the primary goal of this study, several research questions have been
formulated. The initial question pertains to creating a methodologyetdify different
brake wear patterns ayroupings which can then be analyzed to understand feature
differencesacross the groupingand tailor duty cycle tes@ccordingly Subsequently, a
series of questions arise regarding developing classification smtmlalategorize the
average peflight brake degradatigrhighlight the most influentialfactors and quantify
prediction uncertainty Next, while determining more precise carbon brake wear
predictions through regression methods, a research question is posed on whether
advanced Deep Learning (DL) techniques are more accurate and efficient for onboard use
in a DT frameworkhan conventional ML methodBurthermore, a research question also
probes the optimal frequency of reporting the weargmmal which can also improve
the computational efficiency of the predictive models. Lasllg, researclinvestigate

model generalizability across domains (e.g., different aircraft types) and whether TL
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could significantly improve model transferability. Overall, this work sibm deliver a
comprehensive method to predict carbon brake wear and understand the underlying

causes of varying wear levels

5.1 Research Questions, Hypothesis, and Experiment 1

Recall that the first research gap identified in the literature is the limited
understanding of how different aircradpecific parameters, operating conditions, and

environmental factors affect carbon brakear

To better understand how carbon brakes degriugire 21 below shows the
brake degradation profiles for the available fleet in the datédistussed in detail in
Chapter . The brakesare installed at apecificinitial wear pin valugnot necessarily
100% the reasons for which are beyond the scope of this rejeardldegrade until the
next brake replacement is conducted. It is crucial to emphasize the broad band of
degradation profiles as some brakes degrade much faster than others, thus conducting a
significantly lower number of flights between replacemgints, LPO) On the other
hand, profiles with more shallow slopes also exist, deggachuch slower than the
average brake. It is also vital to highlight the presence of nonlinearities in the degradation
trends. These observations motivate an investigattbnthe underlying factors

contributing to the substantial differenaedrakewearprofiles and nonlinear trends
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Degradation from Initial Wearpin

1500
Number of Flights

Figure 217 Carbon Brake Degradation Profiles

While it is known that brakperformances generally affected by various aircraft
specific, operating, and environmental factors, it is unclear how these factors influence
carbonbrake padegradationin specific[29, 32]. One possible factatifferentiating the
wear profiles of Figure 21 could be the route structw®n which thefleet operates
Different routes may have varying runway lengths and braking demands, as some require
frequent and heavy braking, while others may involve more gentle landings and minimal
braking. Similarly, environmental factors such as static air temperature and relative
humidity may also vary between routes and impact wear. Other factors driving the
variation inwear profiles could be aircrafpecific, such as weigt#nd landing speed

[29, 36].

To better understand the factoaffecting the variation in brake degradation
profiles, operational data fromna ai r | i coeld Ise aralyzeds tombined with
environmental factorand airport characteristies/ailable from FlightAwar® Studying

the impact of these features on brakear could provide insights to further develop
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models that predict wear more accurately, ultimately leading to more effective

maintenance scheduling, minimizing downtime, and improving operational efficiency

5.1.1 Unsupervised Machine Learning

UnsupervisedVL involves algorithms trained on unlabeled data, i.e., without a
target variable (i.e., labeled outcome). Such algorithms aim toitimerent patterns,
structure, and relationships within the dgit@7]. Clustering and dimensionality reduction
are two frequently employed methods. Clustering is a technique leveraged to group
similar data pointsbased on their features or attributes without prior knowledge of

groupingg 10§. Figure22 depictshow clustering can be used to group data

Original Data Clustered Data
Y o o Y o o
(@] O ) O O [0
. <
o © e ©
(@) O

Figure 221 Graphical Representation of ClusteringAlgorithm [109

In this work, clustering could be used to group flights with similar aircraft
specific parameters, environmental factors, operating conditicarsd airport
characteristic$o identify patterns that may affect wear radéterently. Thesetechniques
would also apply to aircraft thare not equipped witlvear pin sensors and can thus be

used to labekuch datasets. Examples of clustering procedures inclugeekns and
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agglomerative clusteringgmong otherswhich will be elaborateflurtherin Section 5.1.3

[110-112.

Dimensionality reduction is another unsupervised ML technique used to
transformthe dataset's variables to a more manageable size while presessefial
information and data integyif113. As such, it is often used in the preprocessing stage,
allowing better visualization of higimensional dataOne suchmethod is Principal
Component Analysis (PCA), which finds linear combinations of the original features that
account for most of the data's variability (i.e., principal compohefit$3 114.
Leveragingthe first couple of principal components, most of the variability is retained,
and the original data can be collapsétto a space with fewer dimensions. The
transformed data can then be used for further analysis, such as clustering or predictive
modeling Figure 23 presents a schematic illustrating twerkings of PCA, with blue

arrows indicating the first two principal components
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Figure 231 Graphical Representation of PCA Algorithm[114]
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In the context of brake degradation analysis, PCA cdugshlight the most
essentialariables impadahg wearrates, such as opermaial or environmentatonditions.
Reducing the number of features simplifies the analysis and decreases the training time
for algorithms. Another prominentbenefit of PCA is transforming datéo a lower
dimensionalspacefor visualization purposes sincel2or 3D spaces are more intuitive
to understandl113 114. By coloring the samples based on their labels or other variables

of interest, patterns or clusters can be more easily idehtifie

5.1.2 Tailored Approach to Brake Testing by Clustering

Clustering can be valuable for understanding mhest influertial factors on
carbonbrake wear. Such insights would help tailor duty cycles, which are standardized
test procedures that assess brake performance by their ability to withstand and dissipate
heat under various conditiorfa15. The brakes are subjected to a series of -high
medium, and lowenergy stops and must withstand repeated stops without overheating
[116. Specific duty cycle requirements can vary depending on aircraft type and must
comply with FAA 14 Code of Federal Regulation€KR) Part 25 brake performance
standards[117]. For example, required braking events include a talmlkn at the
highest permissible landing weight and an RTO/landing with the most critical aircraft
weight and speed combinatiddil7]. During testing, factors such as temperature,
pressure, and wear (i.e., brake pad thickness) are monifbd&t 118. However,
defining duty cycles that accurately reflect realrld operating conditions can be
challenging, agparametersary widely depending on the aircraft type, route structure,
and otheroperational and environmentédctors. For instance, duty cycle testing on

dynamometers might require waiting a certain period for the brakes to cool down
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bet ween braking event s, whi ch mi g ht not
turnaround time iroperation. In addition, environmental variables such as ambient air

temperature are currently not variedhelab environment

As such, tustering can help define more accurtst duty cycledy identifying
patterns and trends under varying operational conditionthenavailable data. For
example, specific combinations of temperature, pressure, wear, and other operational
parameterganresult in different brake performance characteristics. Regularly analyzing
operationaldata from different fleets or customers can adapt the defined duty cycles to
reflect evolving operational conditions and ensure they remain representative of the
correspondingircraf® sonfiguration and operational profilButy cycles would then be
guaranteed to reflect brake performance more accurately under actual operating

conditions, leading to improved lab-field LPO projections

In addition to improving the accuracy of duty cycle testing, clustering can help
explain substantial differences in LPO between customers or fleets. By identifying brake
usage patterns and operational conditions associated with distinct LPO rates,
manufacturers can develop more targeted strategies for optimizing their returns. For
instance, the brake material or design can be improved for a particular operating
condition correspondingto higher wear. Since most airlines pay for the brakes per
landing, manufacturers could also target Cost Per Aircraft Landing (CPAL) rates based
on anticipated customer behavior and operations, consequently increasing their returns.
Additionally, by providing manufacturers with a better understanding of the factors that
affect brake performance, more accurate predictive models for brake degradatibe

developedConsidering this, the initial research inquiry is formed as fotllows
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Research Question 1How can various aircrafspecific parameters, operational
conditions, and environmental factors be used to categorize the severity of aircraft

carbon brake we&

The literature noticeably indicatghat clustering has yet to be leveraged to
categorize different degrees of bragad degradation. As previously mentioned
Section 4.1 Travnik et al.havebuilt models that classify whether a landing is friction
limited based on external factors, and they also reffwtfeatures essentidbr the
predictions They further suggest clustering the frictidimited cases to reveal different
patterns in the dattiat could potentiallyoffer insights for runway upke€®1]. In this
researchclustering can be applied to group similar flights to see if varying combinations
of operational and environmental conditions lead to diffecambonbrake degradation

severities.

Note that the availablevear pin value is a slowly changing step signal, which
stays constant for almost ten flights before decreasing; thus, it can be interpolated. An
example of a linear interpolation of the wear pin value is depictédgure 24 below,
which displays both the actual and interpolated wear pin signals across several flights for
the brake at position 5 of a specific aircraft. The linear interpolation between the step
signal changes can capture the general trend while smoothing out the noise in the data. It
is also beneficial when data is missing (i.e., when the wear pin value is not reported for a
certain number of flights). The amount of carbon brake degradation each flight
experiencecan be found by taking the difference between the interpolated wear pin
values of consecutive flightSubsequentlythe pesflight brake wear can be binned

based on quantilasto severity levels (i.e., High, Medium, or Low wear).

78



© 2025 Collins Aerospace | This document contains no expanmtrolled technical data.

Percent Wearpin Remaining

|
|
|
|||I
|||I

Sample Flight Index

Figure 241 Interpolated Brake Wear Pin Value for Position 5 on a Specific Aircraft

Figure 25 below presents a histogram of brake degradation per flightd by
linearly interpolating the wear pin signals and caloded by severity level: high,
medium, and low weaAlthough this wear severity label is not required for clustering, it

will aid in analyzing the results.
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Figure 2571 Per Flight Brake Degradation: High, Medium, or Low Wear

Clustering algorithms categorize data into groups based on similarity measures
defined by metrics such as probabilistic distan¢arious algorithms with different

methodologiesexist, including K-meansand hierarchical clustering110-112. Every

79



© 2025 Collins Aerospace | This document contains no expanmtrolled technical data.

algorithm possesses unique advantages and disadvantages, and the selected algorithm can
influence the clustering resulf$0g. In addition, some algorithms require a predefined
number of clusters, which can impact tbkistering quality. Furthermorethe lbrake
degradation datautilized can vary in sizeas differentvariablescan beincluded (e.g.,
temperatur@andpressure).The type and amount of data used @dso influence the

consistency and quality of resuiedmay require different clustering approacht3g.

Brake degradation severity can be influenced by various factors, including
aircraftspecific parameters (e.danding weightand speed, operational settings (e.g.,
flight duration andusage patterns), environmental factors (e.g., static air tempeaatilire
pressure)and airport characteristics (e.g., runway length and elevafidif@rent ranges
of these conditions may have distinct impacts on wear severity. By systematically
evaluating different algorithmgheir hyperparameterand types/amounts of data, it is
possible to identify the most reliable approach for clustecamdponbrake degradation
datato extract meaningful patterns that can better define duty cycles and give insights
into brake performance in realorld operations. Considering this, the subsequent

hypothesis is proposed

Hypothesis 1 If clustering techniques are benchmarked while varying the
hyperparameters, then brake degradation severity will be categorized reliably based on

specific ranges of aircraf$pecific factors and operational and environmental conditions

To address the first research question, Experiment 1 is desigdethiledbelow.
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5.1.3 Experiment {R.Q. 1)

Initially, a comprehensive dataset that captures all relevant variables that may
affect carbon brake wear must be formed. As spehflight features for the applicable
flight phases (taxout, landing, taxin) are generated from the ra®ontinuous Parameter
Logging (CPL) datgi.e., full-flight aircraft data)detailed in Chapter.6These features
including aircraftspecific parameters and operational facteng fused with weather
information and airport characteristics obtained from FlightAabased on the
destination airportand time of arrival Once the features are generateffective
preprocessing is vital as it directly impacts the performance of the ML mdidess.
involves a series of steps, including cleaning to remove or correct inaccuracies,
transforming and normalizing values to a standard range, and applying labels to

thoroughly preparéhe datasefior subsequent modeling.

While assigning labels is unnecessary for unsupervised algorithms, it is
indispensablédor supervised learning tasks, which will be usedtin this experiment to
select the most relevant featufes carbon wear. Supervised algorithms, like Random
Forest, assess the significance of features based on their influence on the target variable.
Selecting only the most essential features reduces the dataset's dimensionalityesimplif
the model and decreasesomputational demand. Focusing on the features that provide
the most predictive power enhances the mogelformanceand efficiency.ldentifying
the key factors that impact carbon wealso provides valuable insights that can inform

maintenance and operational decisinaking.
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After selecting the relevant features, the next step is dimensionality reduction,
which aims to further reduce tlieature spacand complexity of the dataséthis step
uses techniques such as PCAaotoencoders neural networks that compress data into a
lower-dimensional representation and then reconstréictatfacilitate data visualization
and enhance model efficien¢226 227]. Transforming the dataset into samplified
space while preserving most of the original information mitigates the risk of overfitting,

improves the model's predictive performance, and reduces computational costs.

Before implementing a clustering algorithm, it is essential to evaluate the dataset's
clustering tendencyOne technique uses the Hopkins statistibich quantifies whether
data is uniformly distributefll19. As such a uniformly distributed random dataset must
first be generated with the same number of samplas. e . , ar @andf i ci al
dimensionality as the original dataset. Then, the distances between each point in the
original dataset and its closest points in both the initial and random datasets are

calculatedTheHopkins statistic ishenfound usingequationl.:

B

0 & )

wherew is the distance from a point in the original dataset to its nearest neighbor in that
dataset, andoi s t he di stance from an oOartificial
original datasefThe value of H will be close to 0.5 if the points are randomly distributed,
indicating a low probability of achieving a significant clustering structure. A value closer

to O indicates a low likelihood of clustering and data uniformity, while a value closer to 1
indicates a high cluster tendenjd19 12(Q. Dimensionality reduction techniques, such

as PCA, enable visualization of data in a lomdenensional space, making clustering
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results more intuitive to validate. Consequently, the clustering tendency of various
dataset configuratiodsoriginal features, PCAransformed features with different
numbers of principal components, and encoded features from an autoéncaddre
effectively assessed, allowing evaluation of the robustness of subsequent clustering
algorithms to varying data transformations and ensuring consistent performance across

different representations.

Many clustering techniques exist, each with benefits and drawbacks for different
datasets and applications. A popular approachnsednswhich partitiors a dataset into
a predefined number of clusters the user usually sets. The algorithm works by iteratively
reassigning samples to clusters based on their proximity to the cluster centroids, which
are reevaluated duringeachiteration and he algorithm converges when the cluster

assignments no longer char{g4q.

Another technique is hierarchical clustering, a family of algorithms that
recursively mege (agglomerative)or divide (divisive) data [111]. Agglomerative
clustering starts with each sample being its own clusteritenatively joins pairs of
clusters using a linkage distandés main benefit is that it does not necessitate a
predetermined cluster couamdcan be used with different types of distance me(gas.,
Euclidean, Manhattgndepending on the characteristics of the ddttacan also be
performed using various linkage criteria, determining how resemblance between groups

is computed, including

1) single linkage which computes the distance between the closest two samples

in each group
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2) complete linkage which computes the distance between the farthest two
samples in each group

3) average linkagewhich computes the average distance betweepaals of
data points in each group, and

4) ward linkage which minimizes the variance of the distances between all pairs

of points in each group

The choice of linkage criteria hinges on the data characteristics and the clustering
objectives. Single linkage typically produces elongated groupings, whereas complete
linkage often results in more condensed clusters. Average linkage is a compromise

between the two, while ward linkage is commonly utilized Haghly correlateddata

[111].

An dternative clustering method is Densi#gased Spatial Clustering of
Applications with Noise (DBSCAN)which groups together closely packed points in
high-density regions while marking isolated points as nolee procedure starts by
assigning a neighborhood with a certain radius around every sample and identifying the
core points with at least a specifirdmberof neighboring samples within the area. The
algorithm then forms clusters by expanding around core points and connecting them to
their directly reachable neighboring points. The chief advantage of DBSCAN is its ability
to detect clusters of arbitrary shapes and sizes, and it does not necessitate setting the
number of clusters beforehand. However, it can be sensitive to the choice of distance
metric and parameter values such as the radius and minimum number of neighboring

points[112.
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Mean Shift clustering is also a nonparametric algorithm, similar to DBSCAN, as
it does not require specifying the number of clusters in advance. Instead, it seeks to
identify dense regions (aimode$) in the data, allowing clusters to emerge naturally
based on the data distributipt?1]. The algorithm randomly selectsampleand defines
a circular or spherical window around it. A bandwidth parameter sets the window size.
The mean of all the points within the window is then found and used as the new window
center. This process is repeated until convergence, i.e., until the window center no longer
changes owuntil the peak iteration count is attained. The resulting mode represents a
cluster, and all the samples within a certain distance aifntiode are assigned to that
cluster. The bandwidth parameter also determines the distance threshold. A benefit of
Mean Shift is that it can handle nonlinearly separable data and detect arbitrarily shaped
clusters. However, a potentidiawbackis that it can be computationally expensive and
may not scale well to large datasets. Also, the bandwidth pararaetée challenging to

select anatan significantly impact the resulting clustgt&1].

In addition, a Gaussian Mixture Model (GMM) is a probabilistic technique
representing the dataset as a mixture of Gaussian distributions, where each constituent
embodies a clusteand its weight determinéts relative importance in the mixtufé27.

The algorithm estimates the parameters of the Gaussian distributions (i.e., mean and
covariance) to best fit the data using the Expectddarimization (EM) algorithm In

the Estep, the algorithm estimates thasteriorprobabilities that each sample belongs to
eachclusterusing Bayes' rule. In the {dtep, the algorithm updates the parameters of the
Gaussian distributions using the estimated probabilities. The algorithm continues to

iterate untilthe likelihood of the data under the current parameter estimates no longer
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increases significantlyl his process is guaranteed to always converge to a local solution.
Each sample is then allocated to the cluster with the highest probability of generating that

data poin{122 123.

GMM has several advantages over other clustering methods. First, it can model
groups of diverse shapes and sizes. Second, it provides a probabilistic estimate of the
cluster membership for each data point, which is useful when a sample does not clearly
belong to a single cluster. Third, GMM can also be used for density estimation, which is
beneficial when the data's underlying distributionursknown However, GMM has
limitations as it can be sensitive to the algorithm's initialization, which may result in
different clusters being identified on diverse runs. GMM can also be computationally
expensive, especially when the number of samples or dimensions is high. Finally, GMM

may perform poorly when the data distribution is highly skejg2d].

The last clustering technique consideredpecsral clusteringwhich isbeneficial
for complex datasets where clusters are not linearly separable. It identifies groupings by
using the eigenvalues of the data's similarity matrix. Spectral clustering begins by
constructing a similarity graph where each node represents a sample point, and the edges
between nodes represent the similarity between points. The similarity matrix is then used
to compute the Laplacian matrix, whose top eigenvectors are leveraged to project the data
into a lowerdimensional space. Traditional clustering algorithms such-ase#hs can
then be applied to identify clusters in this new space. Spectral clustering is advantageous
because it can capture complex, nonlinear relationships, making it more flexible and

effective in identifying clusters in diverse datag§é®/].
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A comprehensive benchmarking of various algorithms and their hyperparameters
is essential to identify the optimal approach for distinguishing groups based on -aircraft
specific parameters, as well as operational and environnfantafs influencing carbon
brake degradation severitfgach algorithm can be applied to differemitasets to
evaluate how differentdimensionality reductiontransformations impact clustering.
Subsequently, the performance of each algorithm and hyperparameter combination on

each of the datasets can be assessed.

Metrics to evaluateclustering performancecan bedivided into two groups
unsupervisednd supervisedJnsupervised metricassesperformance withouteference
to any ground truth labelgl25. A few of the commonly used unsupervised metrics

include the following:

1. Silhouette Score(SS) This metricdetermineghe similarity of a data point to its
assigneccluster compared to other clusters. It ranges friinbo 1, with higher
values indicating better cluster qualifyhe Silhouette score for observatiohig
calculatedusingEquation2 below:.

“Y“Y T @ w5
a o onhw

)

Wherew is the average distance between the objectlamdest of thebjects in
the samecluster, andb is the average distance between the object anottadt
sampledn the nearestcluster. The overall Silhouette score oclustering result
is the average scoeeross all objectgl26. Figure26 below showsthe distances

corresponding t¢a) and(b).
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Cluster 2

Cluster 1

Figure 261 Distances Used to Calculate the Silhouette Scoi&27]

2. Calinski-Harabasz Index (CHI): The CHI calculatesthe ratio of the sum of
betweenrclusterdispersiorto that oftheinter-clusterspreador all groups Higher
values indicatdetter clusteng quality. Givena dataseE with asamplesize¢ |,
whichis clustered intk groups the CHI isfound using EquatioB as follows

0 i6 e Q

Where 0 i signifies the trace of the withieluster dispersion matriand
0 10 representghat of the betweemroup dispersion matrixo andd are

defined byEquationst and5, respectively
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Whereé is the set of points in cluster Gy is its centerg is the number of

pointsthis cluster ando is the center oE. The CHl is fast to compute; however,
it is generally higher for convex clusters thathes, such as densitjased

clusters like those obtained through DBSCHIR5, 12§.

3. DaviesBouldin Index (DBI): The DBI measures the average similarity between
groups with lower valueg~0) indicaing better clustang quality. It is defined as
the meansimilarity between each clustér (for i = 1) and #s,mosk similar
group 6 . The smilarity here is ametric ('Y ) that contrasts the gap between
clusters withthe size of the clusters

1 i, themeandistance between eashmpleof a group(i) and the centroid
of thatgroup and

1 'Q ,the separation between the centroids of clagigand {).

A standardselectionfor 'Y that is nonnegative and symmetric géven in

Equation6:

Y — (6)

TheDBI is then calculatedsing Equatiory, as follows:

‘006 O= Ao 7
6Oz G (7)
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The calculationof DBI is more straightforwardthan that of the Silhouette score
however, employing centroid distance confines the distance measurement to
Euclidean spaceMoreover, DBIis usuallygreaterfor convex clusters than otlser

[125 129.

On the other hand,upervised metrics usground truthlabels toasses<lustering

effectivenes$129. Standardsupervised metriasiclude

1. Rand Index (RI): The RI measures the similaribetweenthe truelabelsand the
al gorithmbs as s datpampomesRdarfect labdling islsoeredslalinCe
is a vectorof thetrueassignmergtand Kis a vector othe clusteringassignments
aandb are defined as:
1 &, the count of pairs of elements found within the same set in both C and
K, and

1 b, the count of pairs of elemeritsdiversesetsacrossC andK.

Rl is thenfound using EquatioB as follows:

YO —— (8)

Whered Is theoverall count opairs in the dataNeverthelessthe Rl does

not guarantee that random label assignments will get a value clozerdp
especially if the number of clusters is on the same order of magnitude as the

number of samplgd25 130.
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2. Adjusted Rand Index (ARI): The ARI adjusts thdRl to considerthe chance
grouping of data pointby subtractingthe expectedRl of random labelingas
given in Equatior® [125 131]:

YOOYO

0 Y O maro ovo )

3. Normalized Mutual Information (NMI): Foundedon the concept oMutual
Information (MI), NMI measures the amount of information shared by two
random variableswhich, in ths context, are the predicted and true labkisll
measures the extent to which the predicted clustering retains information about
the true clusteringlt is normalizedto bebetween 0 and 1, where 0 indicates no
similarity, and 1 indicates perfect similarity between tive labels Assuming the
two label assignments of the same N objects to be U and V, their entropy is the

amount of uncertainty for a partition set, givendguation D below.

SIS
oY 0 é WQ (10)

Whered '@ X2 representshe probability that randomly choseabject from

U is categorized into clas®. The sameappliesto V, as seen irfEquation 1

below

S8
O Dee ¢ TEEQ (11)
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Where0adQ —. The Mlbetween U and V can then be found udiugiation
12 as follows
S8 JR
e s e s . 0 AQ
N - s 12
0 "CYo 0 0l T e=—r (12)
Where 0 "6IQ is the probability that aandomly chosersampleis

categorizednto both classe® andw. TheNMI is then foundising Equation 3

below[125 132:

0 "CYw
A4 QOOYRO®

0 0 Ot (13)

Many other metrics exist for both supervised and unsupervised cluster evaluation.
It is important to note that no single metric can be used as a definitive measure of

clustering performancend using a combination of metrics is generally advisable

Once the optimal algorithm and its hyperparameters have been determined based
on the metrics mentioned above and that particular clustering algorithm has been applied
to thecorrespondinglataset, it is essential to contrast the obtained ctusidr the true
degradation severities since they are available. This comparison can offer insights into
the accuracy and efficiency of the clustering algorithm in categorizing the wear severity
for flights. If sufficiently accuratethe clustering algorithm capotentially be used to
label data for aircraft lacking wear pin sensdtss alsovital to analyze the resulting

clusters to understand the patterns within the data. One way to do so is by examining the
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distribution of features across the different clusters. For instance, the mean, median, and
other appropriate summary statistics of the feature values within each cluster can be
computedto provide insights inteeach cluster's central tendency and spread of feature
values Additionally, visualizations such as box and pair plots can be used to compare the
feature values and distributions across different clugtersinstance, if the data includes
features like aircraft weight, landing speed, and braking time, visualizing their
distributions within and across groups can help identify patterns or trends useful for

determining which factors lead to heightened wear

In short, benchmarking clustering algorithms while varying their
hyperparameters, such as the number of clusters, can be a valuable approach to categorize
the severity of brake degradation per flight and extract insights from the data such as
specific ranges of aircrafipecific features, as well as operational and environmental
conditions across the different clusters. In turn, such insights can be used to define
tailored duty cycles for carbon brakes to ensure that their testing aligns with actual

operationsFigure27 belowprovides an overview of the steps followed in Experiment 1.
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1. Feature Engineering & Data
Fusion

Generating per-flight features
from raw CPL data, followed
by fusing weather information
& airport characteristics from

2. Preprocess Data

Cleaning, transforming,
normalizing, and labeling data,
etc.

3. Feature Selection

Using supervised learning
(e.g., Random Forest) to
identify features relevant to
carbon brake wear

4. Dimensionality Reduction

Using techniques such as
Principal Component Analysis
(PCA) or autoencoders to
facilitate data visualization

FlightAware

6. Benchmark of Various
Clustering Algorithms

8. Analysis of Clustering
Results

5. Clustering Tendency

7. Performance Evaluation
Assessment

Determining feature ranges

across clusters & if clusters

correspond to true high vs.
low brake wear

Using unsupervised evaluation
metrics (e.g., Silhouette Score)
and supervised metrics (e.g.,
Rand Index)

E.g., K-means, Hierarchical
Clustering, DBSCAN, Mean
Shift, Gaussian Mixture
Models (GMM)

Using Hopkins Statistic

Figure 271 Flowchart for Experiment 1 (R.Q. 1)

5.2 Research Questions, Hypotheses, and Experiment&ad 3

The second research gap identified in the literature, as discussed in Section 4.2, is
the limited application of advancellIL techniques with uncertainty quantification,
specifically designed to manage hidimensional datasets for predicting aircraft carbon
brake wearThe availability of the wear pin signal in the dataset, which consists of flight
record data from an airline's widebody aircraft fleet, allows the prediction of carbon brake
pad degradation using supervised ML methods, which utilize labeled datasets to train
models to predict the targé80, 133. One approach involves classifying input data
comprising aircrafspecific parameters, operational conditions, and environmental
factor® into variouswearlevels (e.g., high, medium, or low) based on quantiles. This
classification allows for the rapid identification of flighegperiencingabnormalwear.
Another approach uses regression techniques to predict continuous wear values, enabling

more accurate and precise forecasts that can be leveraged to estirRadé thais work
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aims to experiment with and evaluate various algorithms for both approaches to

determine the most effective strategy for predicting carbon brake wear

In both contexs, model interpretability or explainability {garamounfor several
reasonsFirstly, it enables operators and maintenance personnel to understand which
factors most significantly affect carbon wear, allowing them to proactively reroute
aircraft for maintenance to prevent brake faiaad optimize operations to extend brake
life and ensure safety. For instance, if the model identifies specific aircraft parameters or
operational conditions linked to high wear, maintenance teams can investigate and
address these issues before they lead to substantial damage. Secondly, interpretability is
paramountfor certification, ensuring that aircraft systems meet quality and safety
standards. Regulatory bodies, such as the FAA, require that aircraft systems and
components adhere to rigorous safety and performance cfit&fla The interpretability
or explainability of the brake wear prediction models helps demonsteitaeliakility
and suppors compliance with regulatory standaydsvhich also emphasizesthe

importance of quantifying prediction uncertainty.

5.2.1 Carbon Brake Wear ModelirigClassification olWearSeverity

In this case, the label is a categorical variable indicating the severity of average
perflight brake paddegradatiod classified as high, medium, or low. This is determined
by calculating the difference in interpolated wear pin signals between consecutive flights
and averaging these values over segments where the original wear pin reading remains
constant This approaclserves as practicalandquick way to identify whether a specific

tail is experiencing higher brake wear than usual, allowing for timely detection and
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execution of subsequent maintenance actions, if needed. Various ML classifiers can be
employed for this task, such as linear classifiers, Support Vector Machines (SVMs),
Decision Trees, and Random Foresi®iong othergl34-139. Linear classifiers separate

the data points into different classes based on a linear decision boundary, while SVMs
strive to identify an optimal hyperplane that maximizes the separation between classes
[134, 135. In addition, Decision Trees and Random Forests arebtased classifiers that
recursively split the data into different classes based on specific feature. Walluiés
Decision Trees are inherently transparent and intexpleetensemble methods like
Random Forests enhanogodel explainabilityoy of f eri ng i nsights
contribution to predictions through feature importance metrics, which aggregate the

significance of each feature across all trees in the njd@6{139.

Classification provides a discrete prediction of brake wear levels, allowing for
quick identification of abnormal patternslowever, a inevitable concern in any
modeling effort is inherent variability, which can arise from various souféés
Understanding the sources and extent of variabilityssrumentalin makinginformed
decisions As such, another essential element in this fegisequence application is
estimatingthe uncertainty accompanying the model's predictj@ids14Q. It also helps
to clarify the limits of the model's generalizability, whiehsurests effectiveness across

various fleets and operational conditions

In ML, uncertaintycanarise from noisy data, limitations in the model's capacity
to capture complex patterns, and variability in gimelerlying systenbeingmodeled[77,
140. The different types of uncertainties can be categorized as either aleatoric or

epistemic.The former or noise uncertainty, is due to the inherent data varialsliigh as
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sensor measurement errors and natural variability in the ldaarreducible, even with

more data or an improved moddut it can be encapsulated by fitting a probability
distribution to a limited data quantify7]. In the case of aircraft brake wear prediction,

the aleatoric uncertainty could be due to variations in environmental features such as

weatherconditions

Instead, epistemic or model/parameter uncertainty arises due to limited data, lack
of knowledge, or ambiguity in the mode$gucturéparameters. It can be reduced with
more data, better model architecture, or improved parameter estimation. Examples
include model bias, model overfitting, uncertainty in hyperparameters, and high
uncertainty when trained on a small quantity of d&@f@. In this context the epistemic
uncertainty could be due to missing data or incorrect assumptions made in the model
about the connection between the input parameters and brakeFigeae.28 visualizes

the different types of uncertainty in ML
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Figure 281 Types of Uncertainty in ML [77]
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In the case of classificatipdQ leads to more reliable, effective, and improved
decisionmaking by providing estimates of each outcome's likelihpod 14Q. For
instance, kowing the uncertainty associated with the predicted weegritiescan help
personnel make more informed decisions regarding the scheduling of maintenance
activities, resource allocation, and risk management. Uncertainty estimates can also be
used to compare different models and identify the most suitable one. If the uncertainty in
prediction is high, it may indicate that the input features are not sufficiently informative
or that the model ignsuitablefor the data. In such cases, additional data beayeedkd,
or the model may need to be refingtid(. Furthermore, UQ contributes to the
trustworthiness and explainability of ML models. If the uncertainty is low, it can provide
greater confidence about which input features are most important in determining the
predicted class. This information enhances transparency and helps build trust among
users and stakeholders. It also allows for better communication of model outputs to non
experts, making it easier to explain the limitations and reliability of the model's
predictions. Therefore, UQ allows for more informed and reliable use of ML models in a
high-stakes application such as aircraft brake wear prediction, where safety, reliability,

and compliance with quality standards imn@erative

As noted in the literature review, there is currently no reliable, consistent method
for categorizing the severity of carbon brake degradation experienced during flights
based on aircraftpecific parameters, operational and environmental conditions, and
airport characteristicsProviding such an approach will enable stakeholders to analyze

and compare flights experiencing distime¢ar severities, allowing them to make more
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informed decisions on optimizing operations to enhance brake life. Consequently, the

second research question consists of multipleggigstionsstructuredas follows

Research Question 2.1How can the severity aarbonbrake pad wear be better
determinedased on given aircrapecific parameters, operational conditions, and

environmental factofs

Research Question 2.2What are thgrimary contributingfactors that affectarbon

brakewear?

Research Question 2.3How can the degree of uncertainty associated with model

predictionsbe measure?l

Supervised MLclassifierscan be used to predict carbon brakearseverity given
aircraftspecific parameters (e.g., aircraft weight, speed, etc.), operational conditions
(e.g., flight time,turnaround timgetc.), environmental factors (e.g., relative humidity,
static air temperature, dewpoint, et@hd airport characteristics (e.g., elevation, runway
length, etc.) The wear severity label is determined by calculating the difference in the
interpolated wear pin signal between consecutive flights for each specific aircraft and
brake combination, then averaging it across segments where the original wear pin value
remains constant. This average-figght brake wear is then categorized into quantiles to
create wear labels of high, medium, or low severiultiple algorithms such as
Random Forests or SVMsan then be trained on the labeled dataset to predict wear for
new sampleg134139. A well-curated and representative labeled dataset covering
variousaircraft parameters and operational and environmental feasuitesdamentato

accurately predicting brake degradation sevefiitye dataset should include a balanced
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number of samples for each degradation severity level to ensure the model effectively
learns the distinct patterns associated with each catdgence, the proposed hypothesis

for Research Question 2.1 is as follows

Hypothesis 2.1:If supervised ML classification models demonstrate strong performance,
then a reliable method will determine the severity of carbon brake wear that aircraft

experience

Once a weHperforming model is trained, ora@proacho identify the parameters
having the most significant impact on the degree of wear is by analyzing feature
importance. Feature importance is a method that assigns a score to each input variable
depending on its utility in estimating thi@abel [141]. In a decision treefeature
importancecan be calculated by evaluating theductionin impurity (e.g., Giniindex)
achieved by including the feature in the split decisions at each feaderes that lead to
the most significantmpurity reduction are considered the masdispensableAnother
approach is frequendyased, where feature importance is measured by counting how
often each feature is used to make splits in the[tré#. Once the feature importance
scores are obtained, they can be used to rank the input variables by their impact on the
output. This information can then be used to identify the operational and environmental
factors that have the most significant effect on the wear severity. As such, the proposed

hypothesis for Research Question 2.2 is as fotlows

Hypothesis 2.2:If the predictor rankings of Decision Trees of models are analyzed, then
the effect of various aircraftpecific parameters, operational conditions, and

environmental factors can be examined to recogniake weartrends and patterns
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Additionally, Oncethe rankings of predictor importance are identified, they can
be analyzed to determine whether they align with dlustering analyses of Research

Questionl (i.e., Step 1 of the AIMNear methodology)

Specific ML models can also provide uncertainty quantification measures, such as
probability estimates, that indicate the level of uncertainty associated with each
prediction. These estimates can help understanthiined erélidbsity and offer insights
into the variability or ambiguity in the wear severity predictiddee approach is to use
probabilistic decision trees. Instead of making deterministic predictithey assign
probabilities to each class at each node, representing the likelihood of a data point
belonging to a particular class. These probabilities can be used to quantify the uncertainty
in the predicted labeldl42. For instance, iin ensemble method likRandomForest is
used, the predicted class probabilities of an input sample are determined by averaging the
predicted class probabilitieacrossall the trees in themodel [143. Maintenance
personnel can use this uncertainty information to nmakee informed decisions about
when to perform maintenance actions, such as checking the brakes, based on the level of
confidence in the predicted wear severity. Therefore, the proposed hypothesis for

Research Question 2.3 is as follows

Hypothesis 2.3:If the posterior probability of predictions is calculated, then the

uncertainty in classifying the brake wear severity will be facilitated

Experiment 2 is designed to addr&ssearctQuestions 2.1 through 2.3.
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5.2.2 Experiment ZR.Q. 2.12.3)

This experiment is intendetb benchmarkvarious interpretable or explainable
classification modelsghat can handle the complex dataset and quantify prediction
uncertainty.The inputs to the classifiers include aircrsiiecific parameters (e.g., aircraft
weight, speed, etc.), operational conditions (e.g., flight time, number of flights per day,
etc.), environmental factors (e.g., humidity, dew point, etc.), and airport characteristics
(e.g., elevation, runway length, etc.). Then, the model would output the predicted class of
brake wear (i.e., high, medium, or low wedf)gure 29 below summarizes the steps of

this experiment, with the first three having been addressed in the previous experiment.

Previously addressed in Experiment 1

2. Data Preprocessing ga 3. Data Splitting

Splitinto training, validation &
test sets based on aircraft
variant & tail numbers

Ml 7. Model Interpretability § 6. Results Analysis & §
& Explainability Model Selection

Provide insights into most

influential features on wear

using decision rules, feature
importance, etc.

1. 4. Model Training &

Hyperparameter Tuning

Feature Engineering
& Data Fusion

Generate per-flight features
from raw CPL data, then fuse
weather information & airport

characteristics from
FlightAware

Benchmark interpretable (e.g.,
Decision Tree) & explainable
classification algorithms (e.g.,
Random Forest)

Clean, transform, normalize,
label data, etc.

5. Model Testing &
Evaluation

8. Uncertainty
Quantification

Test models on unseen data
and record various metrics such
as accuracy, precision, recall,
etc.

Assess performance metrics
and select model based on
practical implications (e.g.,
minimizing false negatives)

Compute posterior probability of
predictions

Figure 291 Methodology for Experiment 2 (R.Q. 2.12.3)

First, aircraftspecific parametergeneratedrom full-flight data, such as brake
temperatures, are integrated with weather and airport parameters from FligitAware
based on each flight's arrival timestamp and airpbhe data undergoes cleaning,
normalization, and labeling during preprocessing. It is then divided into training,

validation, and testing sets by aircraft tail numbers across different variants, ensuring
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unbiased results by accounting five unique characteristics of individuaircraft and

variants

In step 4, he training and validation datasets are utilized to train various models
and finetune the hyperparameters to achieve the best possible perfornidrise.
experiment benchmarkseveralclassifiers for predicting wear severity, with a focus on
ensemble methods like bagging and boosting algorithms, which offero$tidueart
classification accuracy along with uncertainty quantifica{ib®7, 138 144, 145. For
instance, bagging (or bootstrap aggregating) is an ensemble method that involves training
multiple instances of the same model on different subsets of the training data, created
through bootstrap sampling. This process generates subsets of the same size as the
original training set by sampling with replaceméb#6. Each model is then trained
independently, and the final prediction is obtained by aggregating the predictions across
all models (e.g., using a majority votés suchbaggingaimsto reduce model variance

by minimizing the impact of outliers or noise

Random Forest is an example algorithm that uses the concept of bagging by
creating several decision trees, each of which is trained on a random data subset and
feature set. Every tree is constructed by iteratively dividing the data into progressively
smaller subsets according to feature values, employing a criterion to identify the optimal
split at each nodée.g., Gini index) During testing, every tree predicts the class of the
sample, and the final output is found using a majority vote of the trees for the case of
classification. Random Forest has several advantages, such as handhdgni@gsional

features and missing data. It is also relatively resistant to overfitting since each tree in the
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forest is trained on a diverse datag7, 13§. Figure 30 below presents a diagram of

the inner workings of Random Forest to make a final prediction

lushnce
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Figure 307 Diagram of Random Forest Algorithm[147]

On the other hand, boosting is another ensemble method that involves training
several weak models sequentially, where each model attempts to correct the errors of the
prior model. The training data is reweighted at each iteration, assigning more weight to
misclassified instances in the previous iteration. The final prediction is found by
combining the predictions of all models, giving more weighth® bettetperforming
modelsin training. As such,boostingaims to reduce model bias by focusing on the
challenging instances to classifi4g. Figure31 below shows the difference between the
bagging and boosting algorithms: bagging trains models independently while boosting

trains models sequentially
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Figure 311 Bagging Vs. Boostind 148§

Furthermore, gradient boosting is a variant of boosting where, at each stage, a
new tree is adjusted according to the residuals of the previous one, such that the overall
loss function of the model is minimized. The residuals represent the difference between
the predicted and actual values, and the tree is constructed to predict these residuals. The
predicted residuals are then summed with the predictions of the previous trees, and the
process is iterated until a stopping criterion is reached (e.g., a maximum number of trees
or a minimum improvement in the loss functiqd®#9-151]. An instrumentalaspect of
gradient boosting is its ability to handle different loss functions, sudiess Squared
Error (MSE) for regression problems and log loss for classification probjés®.

Figure 32 below shows a simplified structure of a witlown gradienboosting
algorithm, eXtreme Gradient Boosting (XGBoost), a scalable and distributed

implementation that provides parallel tree boosfitisf)].
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Figure 321 Simplified Structure of XGBoost[153

Each of the aforementioned algorithms is fineed to identify the optimal set of
hyperparameters, maximizing performandéus, gid search with crosgalidation, a
widely used hyperparameter tuning technique, is applied to evaluate each cla3susier.
method systematically examines a predefined range of hyperparameter values, employing
crossvalidation to evaluate the performance of each combination, thereby enhancing
model robustnesd his process evaluates every combination of hyperparameters for each
algorithm on the validation set, identifying the optimal set based on accuracy across all

foldsd a reliable metric givea balancedatasefl11, 64].

The final performance of each algorithm with thgimal hyperparameters found
is then evaluated on the testing seStep5. Several evaluation metrieggerecordedio

measure performance, including the follow[i4, 155:

1 Accuracy: It is the proportion ofcorrectly classifiedinstances to the total

instances, calculated using Equatigrbglow.
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where TP stands forTrue Positives, TN for True Negatives, FPfor False

Positives, and FNor FalseNegatives.

1 Precision It is the ratio oftrue positives out of all predicted positivaad is

foundusing Equation 3 as follows:

01 Q00 RE (15)

1 Recall It is theproportionof true positives to the number of actual positiaed

can befoundusing Equation @ below.

A (. (16)
© 0 oy
1 F1 score It is the harmoni@verageof precision and recalbefinedin Equation

17 as follows:

¢ Ni QOQil @D & &
Nl QOQIITREOd &

@ (17)

1 AUC (Area Under the Curve). It is the area under the Receiver Operating
Characteristic (ROC) curysvhich plots the True Positive Rate (TPR) againstthe
FalsePositive Rate (FPR), as shown irFigure33 below. AUC measurghow well

a classifier can distinguish between positive and negative classes.
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False Positive Rate (1-Specificity)

Figure 331 Graphical Representation ofthe AUC Metric [155

Aside from the above metrics, theonfusion matrix is a performance
measurement todhatrecapsthe countof TPs TNs, FPs andFNs As such,it provides
detailed insights into the errors made by the maaelthe types of errors (e.g=Psor

FNs). An example confusion matrior a binary label (e.g., True/Faldg)shownin Table

3 below:
Table 317 Example Confusion Matrix [156]
Actual Value: True Actual Value: False
Predicted Value: True True Positive False Positive

(Type | Error)

False Negative

(Type Il Error) True Negative

Predicted Value: False

Moreover, a lassification reportcomprehensivelysummaizes the accuracy,
precision, recall, F1 score, and numbersamples supportingach classFigure 34

shows an example classification report for a binary label (e.g., ctask):0
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precision recall fi-score support

0 0.77 0.86 0.81 37584

1 0.84 0.75 0.79 37577

accuracy 0.80 75161
macro avg 0.81 0.80 0.80 75161
weighted avg 0.81 0.80 0.80 75161

Figure 341 Example Cassification Report[157]

In Step 6, recorded performance metrics are rigorously analyzed to assess each
model 6s effectiveness and address Research
is selected based on a balance of both accuracy and practicalityingon minimizing
false negatives instances where the model predicts low wear severity when the actual
wear is high, posing a potential safety risk. The chosen model optimally balances
predictive accuracy and operational feasibility, ensuring it not only performs reliably but
also meets safety standards and practical deployment requirements. This method ensures
a robust and dependable model that supports predictive maintenance while effectively

minimizing the likelihood of undetected high wear

In Step 7, Research Question and Hypothesis 2.2 are explored by analyzing
feature importance rankings derived frem@e-basednodels. This analysis examines how
specific features contribute to classifying the severity of carbon brake wear per flight,
offering beneficialinsights into which parameters have the most significant influence on
predictive accuracy. By assessing the rankirigs,aircraftspecific, operational, and
environmental featuresssentiain determining wear severityan be identifiedguiding
both model refinement and operational deciswaking. This approach not only
enhancesheunderstanding of the underlying factors driving brake wear but also supports

targeted adjustments in model design, enabling more accurate, contextually aware
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predictions. Additionally, feature importance analysis can inform practical
recommendations for airlines and manufacturers, pinpointing conditions or operational
patternscontributing heavily to wear. By making these influential features transparent,
the analysis promotesxplainableand actionable modekigning with predictive goals

and maintenance planning objectives

Finally, in Step 8, posterior probabilities of model predictions are generated to
guantify uncertainty and address Research Question and Hypothesis 2.3. For instance,
bagging algorithms like Random Forest provide class probability estimates based on the
fraction of trees predicting each clags43 144, 146]. Boosting methods can also
estimate uncertainty by tracking the weights assigned to weak learners during training,
where higher weights indicate greater prediction confidg¢b4§. Additionally, gradient
boosting can estimate posterior probabilities for each class using sigmoid fupt&gns
Thesepr obabilities, which refl ect t he model ¢

identify cases where additional data may be necessary for reliable.results

Overall,decision trees anensemble methodsuch as bagging and boostimgn
provide accurate classifications of brake degradation severity \etdks also providing
feature importance and uncertainty quantification, including class probabilities that help
gauge prediction confidence. This combination of accuracy and insight supports safe and

reliable aircraft maintenance by informing timely, ddtaven decisions

5.2.3 Carbon Brake Wear ModelingRegression to Predict ContinuoWgearValues

Predicting continuous wear values using ML regression techniques, rather than

classifying brake degradation severity into high, medium, or low levels, can provide more
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accurate and precise predictions. This approach ultimately enables more reliable RUL
estimates It involves integrating inputs from multiple sourdemcluding aircraft
specific parameters and operational factors fromfliglt data, as well as environmental
conditions and airport characteristics from FlightAwWérénto a regression model
designed to predict wear pin degradati®ach predictions allow personnel to proactively

plan maintenance and replacement scheduleseby preventing unexpected brake
failures. As such, airlines can reduce the number of unscheduled maintenance events,
which also lowers associated costs by replacing the brakes only when necessary and
minimizes aircraft downtime. In addition, accurately predicting brake wear helps ensure
the aircraft's and its passengers' safety. If brakes are worn beyond a certain threshold, it
can decrease stopping power and potentially lead to dangerous situations during landings

and takeoffs

In pursuingmore accurategredictionsthrough regression, a decision must be

made between using conventional ML techniques or emerging deep learning (DL)
methods. Traditional techniques, such as Linear Regression Bedision Tree are
simpler, easier to interpret, and faster to train than DL mdd&l4138 159. Such
methodscan perform well when the input features are relatively, femd when their
connections to the output are reasonably straightforward. However, these methods may
not be suitable for complicated, nonlinear relationships between the inputs and the output
variable, as they may not accurately seize the underlying trends in thdlé&a
Moreover, they typically do not perform well with vast quantities of {lat@ 16Q. In

addition, feature engineering is usuattpnductedby a human experwith domain
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knowledgeprior to applyingconventional methods toreatethe most pertinent features

influencing the outputl6d.

Alternatively, DL techniques, such d3eep Neural NetworksDNNSs), can
automatically learn complex and nonlinear relations between the inputs and the output
variable without relying on explicit assumptions about the underlgimgnomend77].

These models are typically more complex, computationally demanding, and require more
significant training data than conventional models. DL techniques can automatically
extract highlevel features from raw input data without explicit feature engineering by
stacking multiple layers of nonlinear processing units to learn increasingly complex
features. Such techniques typically show bettggerformancethan their traditional
counterparts, especially when there is a significant number of input features or where the
connections between the input features and the target variable are c¢ipl@g(.

This, however, results in increased training time and difficulties in interpreting the

results

When choosing between conventional and DL techniques, it is imperative to
consider the complexity of the problem, the amount and quality of available information,
and the balance between mogeédictive performancand computational complexity
(e.g., run time and memory requirement§he principle of Occam's Razor, which
suggests favoring the simplest model that adequately explains a phenomenon, should be
followed when selecting among multiple viable moddis the context of ML, if a
conventional ML modebemonstratesufficient performancgthen there is no need to

construct anorecomplex DL model for the same probl¢t®, 161].
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Conventional techniques may be suitable for simpler problems with relatively few
features and straightforward relationships in the data, as they are generally faster to train
and more transparent, whichadvantageous when model interpretability is clu@Ga8).

On the other hand, DL techniques may be better suited for complex tasks involving
numerous features and nonlinear relationships, especially when large and complex
datasets are available. DL methods offer the potentialrdbust performanceand
flexibility, adapting to new data and capturing intricate patterns, which can be
particularly beneficial for DT modeling purposes [58, 117]. However, DL approaches can
be computationally intensive, require vast amounts of data, and are often more
challenging to train and interprgt7, 16Q. Ultimately, the choice between conventional

ML and DL techniques for DT modeling will be contingent on the particular needs and
constraints of the problem and involves a traffebetweenpredictive performange
explainability, and computational complexitjccordingly, Research Question 2.4 is

formulatedas

Research Question 2.4How do deep learning approaches compare to
traditional ML techniques for modeling aircraft carbon brake degradation considering

aircraft-specific parameters, environmental conditions, and operational factors

As highlighted in thditerature review in Section 4.1, Oikonomou et al. argue that,
despite a clear linear relationship between sensor data and brake RUL, leveraging
advanced algorithms is essential to achieve accurate predi¢®8hsTheir study,
however, evaluates RUL prognosis feasibility using historical data from a limited
samplé® only three aircraft with eight brakes edchnd relies on two inputs: 1) the

number of flights completed and 2) sensor data indicating the remaining brake pad
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percentagd35]. By employing effective feature engineering and selection to integrate
aircraftspecific attributes, environmental conditions, operational factors, and runway
characteristics, conventional ML techniques could potentially achimwast predictive
performanceon a larger dataset from airline operatiorgiuéng the need for advanced

algorithms

Burnaev highlights that DL approaches are typically too computationally
demanding for onboard implementati02]. In his work, probabilities of each braking
event belonging to a particular wear category (e.g., New, Used, or Worn Out) are derived
from an initial model and then used as features in a second model. Burnaev identifies two
models with optimal performance: 1) a lightweight solution, using Logistic Regression on
top of an initial XGBoost model, which is suitable for onboard deployment, and 2) a deep
RNN layered on XGBoost, offering comparalgerformancebut with higher memory
and computational requirements, making it more suitable for cloud deployment. Burnaev

anticipates that the RNN6s accuracy <coul d

[10.

The available dataset for thrgesearch detailed in Chapter 6s massive and
multisource.The airl i nebds o0 p e CantinucusRatameteraltogging k n o w
(CPL) data consists of millions of fulflight files containing Quick Access Recorder
(QAR) data. Each file's size varies with flight length since the frequency of reporting the
signals is 1Hz, meaning that there is one recording per second, from startup until
shutdown, for each of the 800+ paramet8eampleCPL parameters include the aircraft's
weight, speed, brake temperatures, and brake wear pin values, among manyéthers.

data for this airline's widebody aircraft fleet, which consists of 71 total aircraft (36 units
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of a smallsized variant, 32 units of a meditsized variant, and 3 units of a largieed
variant), is available from July 2017 until presantd contains ove200,000 fultflight

files.

Additionally, FlightAwar® provides essential weather information and airport
characteristics, though this data is available only from 04/01/21 onward, which limits
dataset size when combining both data sources. Despite thissthingdataset remains
substantial, containing 782,044 samples from over 90,000 flight records with eight brakes
each. Peflight feature engineering, as discussed in Section 6.3, results in a refined
dataset with 86 numerical columns. Given the dataset's scale, DL methods could achieve
robust performancgebut they may be impractical due to extended training and runtime
demands for DT modeling purposes. It is anticipated that a conventional ML model can
achieve adequatgerformancewith careful feature crafting and selection. Thus,

Hypothesis 2.4 is posed as follaws

Hypothesis 2.4:Theperformancegains, if any, provided by deep learning
approaches ar@ot substantial enough to warrant the use of their resoumtensive,
complex, and less interpretable algorithms. Conventional ML techniques offer sufficient

performancdor modeling carbon brake degradation effectively.

Before setting up th@ext experiment to benchmark conventioML and DL
regression models, threportingfrequency of the wear pin signial reviewedsuch that

determiningthe optimalfrequency can bmcorporatednto the experiment
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5.2.4 Carbon Brake Wear ModelirigReportingFrequency of Wear PiSignal

The brake wear pin signal is one of thumdamentalCPL parameters available
from an airline's fleet of a specific widebody aircraft, comprising 71 total aircraft across
three distinct variants. This signal indicates the remaining percentage of the carbon disk
thicknessand is recorded for each of the eight brakes on the aircraft's main landing gear,

as illustrated irFigure 35 below.
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Figure 357 Eight Brakes of Main Landing Gear [Source: Collins Aerospace]

The wear pin value is a sleghanging, steghange signateportednconsistently
approximatelyevery ten flights. This behavior is depictedrigure 36, which displaysa
sampleregression plot for the wear psignal of the brake in position 1 on a specific
aircraft. The wear pin value remains constant over several flights before a decrease is
visible. Figure37 depicts the wear pin value for the brake in position 1 on another aircraft
over an extended period, highlighting the potential for missing flight rectirds.also
noteworthy that the wear pisignal in Figure 37 abruptly shifts from ~0% to ~100%
toward the end of 2018, indicating a brake replacement. Both brake replacements and
missing flight data must be considered when calculating wear rates. Additionally, the
wear pin degradation shows both linear and nonlinear trends, suggesting that certain

operational or environmental conditions may accelerate wear more than others
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Figure 3617 Sample Regression Plot for Wear Pin Value of Brake 1 on an Aircraft
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Figure 371 Sample Wear Pin ValueDegradation of Brake 1 on a Aircraft

The aircraft electronically measures the wear pin value on each Oraiotly
beforelanding while the brakes are still cedtbaked. This value is reported as a whole
number percentage, reflecting relatively low precision. Althougts iintended tabe
update every ten flights, variations in decrement peribdgher than exact multiples of
tend are observed, likely due to missing data or aborted measurements, as illustrated in
Figure 38. Figure 38 displays a histogram showing the number of flights between
consecutive wear pin decrements, indicatimg durationover which the wear pin value
remains constant before decreasimgtervals falling short of multiples often are
attributed to missing data (e.g., missing CPL flight files), while intervals slightly

exceeding multiples oten suggest aborted measurements, potentially caused by a
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malfunction in the wear pin measurement system. Other unknown factors may also

contribute to aborted measurements.

Theregression models will utilize wear pin measurements from each flight, with
the target variable defined #we averag@erflight brake pad degradatidncalculated as
the change in interpolated wear pin values between consecutive flights and averaged
acrossthe segments where the original wear pin values remain constant. Accordingly, it
is essential to determine whether wear pin measurements are optimally recorded every

ten flights or if a different frequency would enhance model performance

nnnnn

Attributed to
missing data

1000

Attributed to aborted
measurements

Figure 381 Frequency of Reporting Wear Pin Value

Determining the optimal frequency for wear pin reporting is also crucial for
guiding airlines on how often to manually measure wear pins on aircraft lacking
electronic sensors, thus enabling the development of comparable supervised models for
suchaircraft. Accurate wear pin measurements are paramount for maintaining aircraft

safety, as worn brake disks can lead to extended stopping distances and diminished
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braking efficiency. Establishing an ideal reporting frequency ensures that maintenance
teams have current, reliable data on brake wear, facilitating timely and effective

maintenance interventions to mitigate potential safety.risks

Cost efficiency is anothdtey consideration, as frequent wear pin measurements
canincreaseoperational and maintenance expenses. By determining the optimal reporting
frequency, airlines can reduce the numbeploysical measurements the wear pins
while still obtaining reliable data on the remaining carbon pad thickness, saving
resources, labor, and time in maintenance and inspection processes. If increased reporting
frequency only marginally improves modsrformancethe added costs may outweigh
the benefits. Additionally, pinpointing the ideal reporting frequency allows for more
efficient maintenance planning, helping crews prioritize tasks and enabling airlines to

schedule maintenance and allocate resources more effectively.

While increasing measurement frequency can enhance ML mpedefrmanceit
is essential to balance this with practical, operational demands. Determining the optimal
frequency allows for maximizing modperformancewnithout compromising operational

efficiency. Thus Research Question 2.5f@mulatedas follows:

Research Question 2.5How often should wear pin data be collected to

guarantee acceptablgerformancée

Model performance fundamentally depends on the quality and relevance of its
training datasef160, 167. While it may seem intuitive that increasing measurement
frequency would improve ML modglerformancethis is not always the case. Several

factors can influence the relationship between measurement frequenpgréordhance
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For example, frequent measurements may lead to data redundancy, which can obscure the
model 6s ability to capture essenti al rel at
resulting in overfitting oreducedperformanceMoreover, frequent measurements could
introduce noise if they are affected by sensor inaccuracies or external variability, making

it more difficult for the model to accurately learn the true relationships and diminishing
predictive reliability[162. Additionally, higher measurement frequersresult in larger

datasets, demanding increased computational resources for training and evaluation. When
performancegains are minimal, the increased computational dostsluding runtime

and storag@ may not justify more frequent measurements

The relationship between measurement frequency and rpedermancemay
also exhibit diminishing returns. Initially, increasing measurement frequency could lead
to performanceimprovements; however, beyond a certain threshold, further increases
may causgerformancegains to plateau or even decline. Excessively frequent wear pin
reporting risks overfitting the model to noise, obscuring underlying trends and leading to
inaccurate predictions. Conversely, too infrequent reporting may prevent the model from
capturing sudden wear changes between intervals, resulting in predictions that could

compromise safety. Therefoldypothesis 2.5 is formulated as follows

Hypothesis 2.5:Increasing the frequency of reporting the wear pin signals will improve
the predictiveperformanceof carbon brakevearmodelsup to a certain point, after

which further increases witiot yield significant improvements
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5.2.5 ExperimenB (R.Q. 2.42.5)

Experiment3, summarized inFigure 39, is designed to benchmark conventional
ML regression techniques alongside advanced DL methods. The models will utilize
inputs from aircrafspecific features, environmental conditions, operational factors, and
airport characteristics to predict continuous valakecarbon brake wear, enabling more
precise estimates of the brakeds RUL. Addi
optimal frequency for wear pin value reporting, balancing mopetformance
computational costs, and maintenance practicality to maximize predictive effectiveness

and operational efficiency.

While uncertainty quantification is essential, this experiment focuses on offline
model optimization, enhancing model explainability, and determining the optimal wear
pin reporting frequency. Offline model optimization involves selectingrbst suitable
model and tuning hyperparameters, including identifying the ideal architecture for neural
networks, such as the optimal number of hidden layers and units per layer. Methods to
guantify uncertainty, detailed in Appendix D, encompass approaches for both
conventional ML models and DL techniques. These include confidence intervals,
Bayesian inference methods like Bayesian Linear Regression (BLR) and Bayesian Neural
Networks (BNN), bootstrapped ensembles, conformal prediction, Gaussian Process
Regression (GPR), and Monte Carlo Dropout. Bayesian methods and GPR offer a robust
probabilistic foundation, while ensemble techniques and Monte Carlo Dropout estimate
uncertainty based on predictigariability [158 163-165. The choice of method depends

on model complexity, interpretability needs, and specific problem requirements
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Previously addressed in Experiments 1 & 2

1. Engineer Features & T 3. Split Data 4. Train Models & Tune

Fuse Data Hyperparameters
Generate per-flight features Benchmark conventional
from raw CPL data, then fuse ) . . . algorithms (e.g., LASSO) to
weather information & airport CIeané;r:gcsj;odrzzgn:tr?allze, Spplfialaiiz o irEmimg) more advanced DL methods
T Ay — , efc. validation & testing sets (e.g., ANN) while tuning each
FlightAware algorithm’s hyperparameters
i Dete.rmlne s Z Prov!de M?dEI 6. Analyze results 5. Test & Evaluate Models
Reporting Frequency Explainability
Experiment with different Test models on unseen data
reporting intervals (e.g., every Use feature importance Determine if advanced & evaluate performance
5 flights) using top model to and/or SHAP methods methods provide sufficient using various metrics such
balance reporting frequency increase in accuracy as RMSE, R2, etc. to identify
& accuracy top regressor

Figure 391 Methodology for Experiment 3 (R.Q. 2.42.5)

Note that Steps-3 were addressed in previous experimehtsStep 4, multiple
regression models, encompassing both traditional ML and DL techniques, are trained and
optimized via hyperparameter tuning. Traditional methods include linear regression,
Support Vector Regression (SVR), decision trees, and ensemble appridd&ehd<se,

167). For instance, Random Forest regression, which effectively manages both numerical
and categorical features, is wsllited for capturing complex, nonlinear relationships

between input variables and the tard&7].

Before delving into advanceBL techniques, the basics of a standard neural
network, or Artificial Neural Network (ANN), are introduced. Inspired by the structure
and function of biological neural networks, ANNs consist of interconnected nodes, or
heurons Organized into layers that enable the model to learn patterns within the data
through training[16§. Setting up the neural network architecture involves defining the

number of layers, the number of neurons in each layer, and the activation functions for
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each layer. Typically, ANNs comprise an input layer, a series of hidden layers, and an
output layer, as illustrated iRigure 40. Initial weights (connections between neurons)
and biases (offsets) are assigned, often as small random values, to prepare the network for

training.

Then, a forward pass is conducted: for each data point, the input features are
introduced into the initial layer, and the information flows through the network. At each
neuron, the weighted sum of the inputs is computed, bias is added, and an activation
function is applied. The activation function introduces nonlinearity, enabling the network
to learn intricate patterngl68-170. This process continues until the final layer is
reached, which produces the predicted outpul{se predicted value(s) is compared to
the true target value(s) using a loss function, quantifying the error and measuring the

network's performance.

A backward pass is then performed, where the network weights and biases are
adjusted to minimize the loss function. This technique, called backpropagation, calculates
the gradient of the loss function in relation to each weight angdthegradients indicate
how the weights and biases should be adjusted to reduce the loss. The weights and biases
are then updated using an optimization algorithm (e.g., gradient deseerd)the
computed gradients. The steps between the forward and backward passes are iterated for
a predefined quantity of iterations (i.e., epochs) or until a convergence criterion is met.
Finally, predictions on new samplasemade by performing a forward pass through the

network with thefinal weights and biasg46817(.
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Figure 401 Standard Neural Network [171]

Thus, a standard neural network operates deterministically, using a single set of
parameters to process inputs and produce a desired output. This setup makes the model
stable but can sometimes limit its ability to adapt to variability in unseen data. To assess
and improve robustness, a common approach is to shuffle the training and validation sets,
providing a more comprehensive evaluation of model performance across different data
splits. One effective technique is cresdidation, where multiple tests are conducted by
dividing the dataset into severdblds6 In each round, a different fold is used as the
validation setwhile the others serve as training sets, allowing the model to be evaluated
across various data combinations.Cress | i dati on not only tests
and stability but also helps identify potential overfitting or underfitting, making it an

essential step in validating the generalizability of a deterministic neural ngtimsk

DL, asubfield of ML, focuseson ANNs with many layers, known as Deep Neural
Networks (DNNs). These networks excel at learning hierarchical feature representations
directly from raw data, making them especially suited for lsgge, highdimensional,
and complex datasets such as images, videos, text, and $fé6cii62 170. The
deepaspect of DL r ef e rdspedificallyttieenunter dfvagerskt6 s d e

contains. A DNN typically comprises an input layer, multiple hidden layers, and an
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output layer, as illustrated ifrigure 41. This layered structure allows DNNs to
progressively learn more abstract and complex features as data moves through each

successive layer, capturing nuances essential for sophisticatefili&ZKs/ 4.

input layer hidden layer 1 hidden layer 2 hidden layer 3

Figure 417 Sample DNN Architecture[175

DL has gained considerable attention and success in recent years, driven by
several advancements. The availability of large datasets has allowed DL models to
effectively learn intricate patterns and representations. Additionally, enhanced
computational resources, especially the development of Graphics Processing Units
(GPUSs), have significantly accelerated the training of DINDé§). Furtherimprovements
in optimization techniques, activation functions, and regularization methods have
bolstered DNNs' ability to train efficiently and generalize well across complex tasks

[174, 176].

Popular DL architectures include Recurrent Neural Networks (RNNS),
specifically designed to handle sequential data by maintaining an internal state or
memory.As shown inFigure42 below, RNNs differ from traditional feedforward neural
networks by incorporating feedback loops that allow information to persist across time

steps, making them particularly effective for tuseries data[177, 178. This
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architectural distinction enables RNNs to capture temporal dependendiesd) is

essential for tasks involving sequences.

Output

Hididen

Ingpart

Figure 421 Feed Forward Neural Network (Left) Vs. RNN (Right)[179]

In a simple RNN, the input layer receives data at each time step, which may be a
scalar, vector, or highatfimensional tensof177, 179. The hidden layer, containing
recurrent connections, maintains the network's internal memory by taking the current
input and the previous hidden state to compute a new one. This hidden state acts as a
memory, capturing information from prior time steps. As illustratedrigure 42, a
feedback loop passes this hidden state forward to retain context over the sequence. The
out put | ayer then generates the networkoés

cumulative information retained across prior s, 180.

To compute the hidden state at the current timestamp, the current input and the
previous hidden state are combined into a single vector. This vector then passes through a
tanh activation function, which yields an updated hidden sfils activation function

controls the values that propagate through the network, constraining them within the
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range of-1 to 1, thereby stabilizing the network's computatipt®(. This sequential

processing is depicted in the unfolded RNN showRigure43 below.

Figure 431 Unfolded RNN[180

While simple RNNs can model sequential data, they suffer from -tdramt
memory limitations due to the vanishing gradient problgvi8180. As an RNN
processes more steps, it struggles to retain information from earlier steps because of the
nature of backpropagatigi77-180. Dur i ng backpropagati on, e a
calcul ated based on the previous | ayerobs
are minimal, the gradients diminish further as they propagate backward. Consequently,
earlier layers receive negligible updates, limiting their learning due to insufficient weight
adjustment$179 18(. In the context of RNNs, each time step effectively functions as a
layer, and Backpropagation Through Time (BPTT) is used for training. However, as
gradients are calculatedcross multiple time steps, they often diminish, making it
difficult for the model to capture loAgrm dependencies. Furthermore, BPTT is
computationally intensive, especially for long sequences, as it requires gradient

computations and storage at each time &g, 180 .
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Advanced RNN architectures like Long Shoarm Memory (LSTM) and Gated
Recurrent Unit (GRU) networks were developed to overcome the limitations of simple
RNNSs, particularly with respect to capturing leramge dependenci¢$59, 181]. These
model s empl oy O6gatesdé to control inf or mat i
data over time[182. LSTMs, a widely used RNN variant, feature a sophisticated
memory cell with input, output, and forget gates that dynamically manage information
retention and loss, as illustrated Figure 44. This design enables LSTMs to capture
longerterm dependencies effectively, providing a robust solution for sequential data

modeling[187.

forget gate cell state

input gate output gate

6 =
sigmoid tanh intwi i

P poil vector
multiplication addition concatenation

Figure 441 LSTM Cell and Its Operations [187

LSTMs introduce a cell state, or memory cell, that carries essential information
over time, allowing fortheretention of relevant knowledge throughout sequence

processing181-183. Information is added or removed from the cell state via three gates.
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First, the forget gate uses the previous hidden state and current input to decide what
information to discard or keep. The input gate then determines how much new
information to store by processirthe previous hidden state and current inputh

sigmoid and tanh functions, selectively adding relevant detaighile controlling the
network[182]. The cell state is updated by combining the outputs of the forget and input
gates. Finally, the output gate generates the next hidden state by combining the processed
cell state and current inputs, deciding what information to pass to the next step. This
mechanism allows LSTMs to capture complex, loaggedependenciesn sequential

data[182, 183.

GRUs, a simpler variant of LSTMs, merge the cell and hidden states and use
fewer gates, making them more computationally efficient for similar {d<€¥3. Figure

45illustrates the GRU architecture, whistreamlineoperations for faster processing

h hy

T
.

Xt

G tanh

“plus™ operation “sigmoid”™ function “Hadamard product™ operation “tanh™ function

Figure 4517 GRU Architecture [159
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GRUs feature two main gating components: the update paded the reset gate
(r), as shown irnFigure 45. The update gate determines how much information from
previous time steps should be retained, effectively combining the functions of the input
and forget gates in LSTMs. The reset gate controls the extent to which past information is
used to compute the new candidate state, allowing the model to selectively disregard
irrelevant past datfl59. Lastly, the networkdecides what to capture from the present
memory content and the prior stedpscalculate the final memory at the current instance.
First, an elementvise multiplication is applied to the update gate #rajprior hidden
state. Then, an elemewise multiplication is applied t@l-update gatgand the current
memory The two results are summéa produce the updated memory, which is passed

through the networkl59.

GRUs often match LSTM performance on sequence tasks like speech recognition
and timeseries forecastinfB2, 182. With a simpler architecture and fewer gates, GRUs
are generally faster to train and use less memory than LSTMs, though LSTMs may still

excel with longer sequences or more complex tpk&4.

In Step 4, each of the aforementioned algorihrosnventional methods (e.g.,
Least Absolute Shrinkage and Selection OperatotASSO) and DL methods (e.g.,
DNNOi s benchmarked while tuning each algor
This tool systematically searches for the optimal set of hyperparameters that minimizes a
predefined loss function, in this case, Mean Squared Error (MSE). In Step 5, each fine
tuned algorithm is tested on unseen data from the test set, which includes data from
aircraft not included irthetraining, and evaluation metrics are recorded to compare the

performance of the conventional ML methods with that of the more advanced DL
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approaches. These metrics quantify the difference between predicted and actual values

andinclude the following[189:

1 Mean Absolute Error (MAE) is the mean of the absolute differences between
the predicted and actual values. It embodies the average degree of errors,

regardless of directigrasgiven in Equatiori8:
060+ s (18)

Wherew is the true value, and is the prediction.

1 Mean Squared Error (MSE) indicates the mean of the squared differences
between the predicted and actual values. This metric penalizes significant errors
more severely than minor errors, making it more sensitive to outliessfound

using Equatiori9 below:
0YO+- w o (29

1 Root Mean Squared Error (RMSE) is the square root of the MSE (given in
Equation D), and its unit matches that of the target variable, making it easier to

interpret.

(20)

YO YO W W
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1 R-squared (Coefficient of Determination or R2), given by Equation 2,
guantifies the degree to which the model's predictions align with the actual values.
It falls in the range [0, 1], where a value of 1 designates an ideal fit, and O

indicates no relationship between the predicted and actual values.

0 , . G
Pop Wy @ (22)
5 ) S

Bigp 0y @
Where wis the mean target valu€) is the true value, and is the predicted

value.

The evaluation metric of choice is based on the specific problem and the data
characteristics. It is essential to choose a metric that aligns with the desired level of
sensitivity to errors or outliefsl85. In practice, it is standard to use several metrics to
get a comprehensive understanding of a model's performianaddition to the metrics
mentioned above, the training and prediction times for each algorithm are recorded to

evaluate computational efficiency.

In Step 6, the results are thoroughly analyzed to assess whether DL offers a
meaningful performanceadvantage over conventional ML methods, along with an
evaluation of computational efficiency. The optimal model is selected based on a balance
of performanceand resource demands, prioritizing models that show substantial
performanceimprovements with manageable increases in computational requirements.
This selection proces®lpsdetermire the practicality of deploying models in reabrld

settings where computational resources may be limited. Models demonstrating significant
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gains in predictive performance without excessive computational overhead are prioritized
as candidates for implementation, ensuring thatribdelsare effective and feasible for

operational use.

In Step 7, the objective is to understand how the model arrives at its predictions.
Conventional ML models, like Decision Trees, offer inherent interpretability, allowing
decision rules to be directly visualized and easily understood. In contrast, while DL
models can deliver high performance, their internal workings are often intricate and
difficult to interpret[162 181]. This complexity underscores the importance of model
explainability techniques, which provide valuable insights into the deemsaking
processes within DL models, particularly neural networks. These techniques reveal the
relative importance of input features, visualize intermediate layers and transformations,
and enhance model transparency. By making the inner workings of DL models more
accessi bl e, explainability techniqgues fost

predictions, particularly ithis high-stakes applicatiofiL86¢].

Model explainability techniques encompass feature importance, which ranks
i nput features by their iIimpact on the mode
role in shaping the model's decisidd87]. While treebased methods, such as Random
Forests and gradietwosted trees, inherently calculate feature importance based on
metrics like impurity reduction or split gains, feature importance can also be derived for
any model through moda&gnostic approaches like Shapley Additive Explanations
(SHAP). Rooted in cooperative game theory, SHAP values consistently assign feature
importance at the level of individual predictions by evaluating each feature's contribution

across all possible feature combinati¢®8, 187, 188. This method effectively reverse
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engineers the predictions of various models (e.g.;lesed, linear models, and neural
networks). The sum of all SHAP values for an instance equals the difference between that
instancebds prediction and the model ds aver
of importance[188 189. Figure 46 illustrates an example whereSHAP values

areassigned to each input feature, highlighting their specific influence on a prediction.

Qutput=0.4 Output=0.4
I
Age =65 —| +0.4 [— Age =65
Sex=F —4 blanatior 03 | e— Sex=F
XpPlanation
BP =180 — — BP =180
BMI =40 —s — BMI =40
T
Base rate = 0.1 Base rate = 0.1

Figure 461 Example of SHAP Valueq92

SHAP values provide both local and global explanations by measuring each
feature's contribution to individual predictions (local) and overall model behavior
(global) across the datagéB89.The Shapl ey cal cul ation fair!]|
influence by considering all possible feature combinations and maintains consistency,
ensuring a feature's SHAP value does not decrease if its contribution to the prediction
increases. SHAP values also demonstrate linearity, meaning that for models combined
linearly, the SHAP values of the combined model are equivalent to the sum of the SHAP
values of the individual modelklowever,theexact computation of SHAP values can be

computationally demanding, particularly for large models or -dighensional data

[189.
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Given SHAP's technical strength and widespread usage, it has facilitated the
development of new feature selection procedures, such as BorutaSHAP and PowerSHAP
(detailed in Appendix E), to decrease the dimensionality of the feature [d/28:£94].

These explainability techniques suppexplaining both conventional and DL models,
increasing model trust and enhancing decisi@king, though some techniques may

require substantial computational resources.

The final step of Experiment 3 seeks to determine the optimal reporting frequency
for the wear pin signal, aore factor in boosting predictive modekrformance High-
frequency reporting provides detailed data, potentially enhancing model precision, but it
may also introduce noise that leads to overfitting. On the other hanefrdguency
reporting could miss important wear patterns, which may compromise safety. To assess
the impact of reporting intervals on predictiperformance the dataset is filtered to
include entries at specific intervals (e.g., evarylights), factoring in variables like
aircraft ID, brake position, and brake replacement instances. bEsgperforming
regressor is then trained and tested across different intervals (whamges from 1 to
100), allowing an analysis of how data granularity influempe$ormanceThis approach
balanceglata detail and model reliability, supporting recommendations for optimal wear
pin measurement intervals to promote accurate, safe, anedrilsga maintenance

planning

The next section addresses the final gap identified in the literature, which centers

on model generalizability.
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5.3 Research Questions, Hypotheses, and Experimert&nd 5

The literature review presented in Section 4.2 highlights a significant gap in
model generalizability, as many models struggle to maintain consistent performance
across diverse operations, environments, or vehicle types. This section begins by
exploring the importance of model generalizability in the context of DTs, emphasizing its
essential role in ensuring reliable performance under varied conditions and enabling
robust, scalable DT applications. The section then details methodologies for two
experiments designed to assess and enhance model generalizability. The first experiment
evaluates generalizability across different domains, represented by data segments
corresponding to various widebody aircraft variants, highlighting the need for models to
maintain robustness across distinct aircraft types. The second experiment investigates the
potential of Transfer Learning (TL) to improve generalizability across these diverse data
domains, examining its efficacy in adapting models trained on one or more aircraft

variants to perform effectively on others.

5.3.1 Generalizability in the Context of DTs

This research focuses on the generalizability of DTs, emphasizing their ability to
deliver accurate, adaptable, and resilient predictions. The goal is to develop a model that
precisely replicates a rewalorld system, enabling it to accommodate and predict the
impact of unforeseen changean essential capability for several reasons. First; real
world systems are inherently dynamic and often subject to operational modifications,

such as an aircraft being assigned a new route or adapting to a different environment.
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Such changes would not disrupt a mothelt generalizes welinstead, it would adapt

seamlessly, maintaining reliability and predictive performdagg

Second, there is significant value in achieving robustness across variations, a
concept central to generalizability. For example, for an aircraft model with diverse
configurations, a generadible predictive model would extend beyond the specific
variant it was initially trained on, demonstrating resilience across a range of similar but
distinct systems. This flexibility reduces the need for multiple specialized models, thus

promoting efficiency.

In this research, it is recognized that each tail number experiences unique
operational and environmental factors, such as the routes it flies, the airports it services,
and the crew operating it. These variations highlight the importance of developing a
predictive DT model capable of generalizing effectively across different aircraft types.
Specifically, the goal is to create a model whose brake wear predictions are robust and

reliable, enabling consistent application across all variants within the fleet.

A significant challenge in developing DTs that generalize across various variants
is overfittingd a common issue where a model becomes too tailored to its training data,
compromising its predictive performance on unseen [d&%. Effective generalization
enables a model to learn from training data without being misled by noise or outliers,
ensuring dependable performance under new condifi®@®. Addressing overfitting is

key to maintaining the DT's reliability for maintenance and operational planning.

Another main consideration is the cost and time efficiency of developing a

generalizable DT model. Such a model can substantially reduce resource and time
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demands by being applicable across diverse operational scenarios and system
configurations, eliminating the need for retraining from scratch for each new route or
aircraft variant. This capability supports rapid deployment, which is particularly

imperative in faspaced industrial setting497.

In this context, Transfer Learning (TL) emerges as a powerful approach. It
leverages knowledge gained from one task to address different yet relatefll@&ks
198-201]. By utilizing a model pré¢rained on a large, diverse dat@ssuch as one
specific aircraft typ& the model can be fintined to perform effectively on a second,
potentially smaller dataset, like another aircraft type. This approach could significantly
enhance model generalizability, reliability, and efficiency while reducing the training
time required for neural networks, an essential consideration for the predictive

maintenance of complex systems like aircraft brgkés, 199-201].

5.3.2 Carbon Brake Wear ModelirigGeneralizabilityAssessments

The importance of model generalizability in predictive analytics for aircraft
operations has gained significant attent[@02204]. Ensuring that predictive models
perform consistently across various operational scenarios and aircraft types is crucial for
effective maintenance and operational decisiaking. This focus on generalizability
aims to enhance the reliability and applicability of predictive mofiwlcarbon brake
wear on aircraftBrake reliability is vital for aircraft safety, with operations spanning
diverse weather conditions, routes, runway types, and utilization rates. Accurate
prediction of carbon brake degradation under such variable conditions is essential to

prevent inaccurate wear assessmantimitigate safety risks linked to worn brake disks.
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Additionally, a generalizable model facilitates timely and effective maintenance decisions
across various scenarios, helping maintain consistent brake performance, reduce
excessive wear, and extend component lifespan. Through more robust predictive
maintenance, airlines can optimize schedules and resources, ultimately reducing flight

disruptions and associated cd€k

The CPL datasetdescribed in Section 6.includes fullflight data files from a
fleet of 71 widebody aircrafacrossthree configurations: small (Variant 1), medium
(Variant 2), and large (Variant 3Analysis oft h e fchrlgoe brédke degradation
profiles, as depicted ifrigure 47, reveals notable discrepancies in wear rates among
different variants. Specifically, Variants 2 and 3 exhibit steeper degradation ptioites
Variant 1. This trend is further corroborated tne perflight wear histogram, which
indicateshigher wear rates for the largeizedvariants(Variants 2 and 8 One strategy
to address these discrepancies involves segmenting the data by aircraft type and training
distinct models for each segment. While this approach may enhance predictive
performance within each subset, it introduces significant complexities in model
management and maintenance. Challenges inclugi#gating multiple models and
increased computational demands due to longer training durations and higher storage

requirements
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Carbon Brake Degradation Profiles for Different A/C Types Histogram of Interpolated Per Flight Degradation
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Figure 471 Carbon Brake Degradation Profiles(Left) & Histogram of Degradations

Per Flight (Right) for Various Aircraft Types

When developing predictive models for aircraft carbon brake degradation using
the available dataset, a pivotal choice arises: to build a single, generalized model using
the entire dataset or to segment the data (e.g., by aircraft class, route structure) and
develop specialized models for each segm&antsuch ML models can be systematically
trained, tested, and evaluated across distinct data segments (or domains, such as specific
aircraft variants) to thoroughly assess their generalizability. This approach enables the
development of more reliable and robust predictive models for carbon brake degradation
that perform consistently across these segments, ensuring the models' applicability in
realtworld scenarios. Such evaluations enhance aircraft safety, cost efficiency, and
operational flexibility, supporting predictive maintenance. Accordingly, Research

Question 3 is divided into two stduestions, the first begn

Research Question 3.1Is it necessary to develop separate carbon brake wear models
tailored to specific data segments (e.g., each aircraft type), or can a single, generalized
model effectively represent the entire datagds®, what are the implications of each

approach on modgierformanceand reliability?
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Specialized models are often able to capture unique patterns and relationships
within each data segment, which can improve predigiedormancefor the specific
contexts they target. These models may also be easier for domain experts to interpret and
evaluate, as they align closely with the particular operational or environmental conditions
of each segment. However, maintaining multiple specialized models increases system
complexity, as each model requires individual updates and monitoring, which can
become resouremtensive. This approach also raises computational and storage costs
due to the need for separate training processes. Additionally, splitting the data into
segments can lead to smaller training datasets for each model, potentially limiting model

performance in segments with fewer data pdip@s.

A single, generalized model streamlines model management, as only one model
requires maintenance andkeep simplifying the overall workflow. By training on data
from all segments, a generalized model can leverage broader patterns, which is especially
beneficial when data is limited, such as in the case of Variant 3, where only data from
three aircraftis available[205. While generalized models may require more complex
structures to account for diverse relationships across dorpassiplyresulting in higher
computational demands, they provide a unified approach that integrates multiple data
sources for a holistic viey203. However, generalized models might overlook finer
details specific to individual segments, potentially compromipiglictiveperformance
for certain subsets. This limitation becomes more pronounced when patterns vary
significantly across domains, suggesting tirasome cases, specialized models may be

necessary to capture the unique characteristics of specific seq2@sts
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Choosing between a single generalized model and multiple specialized models
requires balancingpredictive performancereliability, and the complexity of model
management. Given that the underlying mechanisms driving brake wear are likely similar
across various aircraft variants, a generalized model has the potential to effectively
capture these shared patterns and deliver high predigéxfermance Based on this

reasoning, Hypothesis 3.1 is propased

Hypothesis 3.1:A single, generalized model trained on data that includes all aircraft
types, operational conditions, and environmental factors will achiewe robust
predictive performancthan multiple specialized models traineddistinct data

segments

The rationale for this hypothesis includes several considesatidthough aircraft
types andoperating conditions may diffeacross the fleetthe core physics of carbon
brake wear remains consistent. A generalized model can capture these fundamental
mechanisms, potentially enhancipgrformanceacross all variantsAdditionally, by
combining data from multiple variants, a generalized model benefits from a larger, more
diverse training set, strengthening its ability to learn complex patterns. This is particularly
advantageous for variants with limited déag.,Variant 3, where the shared dataset can
improve performance Moreover,managing a single model reduces the complexity and
resource requirementd developing, storing, and updating multiple specialized models,
streamlining operational workflow#\ generalized modedlso offers greater scalability
and adaptability, making it easier to integrate new data or adjust to changing operational

conditions withoutetrainingnumerous models
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To evaluate this approach, the next experiment will test whether a generalized model
can achieve sufficiergerformanceacross different data segments (e.g., aircraft types) or

if specialized models arequiredto capture eactr a r i specificdhgances

5.3.3 Experimen# (R.Q. 3.1)

Experiment 4 is designed to assess the generalizability of predictive models
across different data segmentpecifically aircraft typesand to determine whether
specialized models are necessary for impropedormance Figure 48 presentsthe
methodological framework designed to systematically assess theoffadeetween
model specialization and generalization, aiming to identify the most effective strategy for
predicting carbon brake wear across various aircraft variants.

Previously addressed in Experiments 1-3

1. Engineer Features &
Fuse Data

2. Preprocess Data 3. Split Data (Train/Test) 4. Train Generalized
Model
Generate per-flight features
from raw CPL data, then fuse
weather information & airport
characteristics from

Split data into training/testing
sets based on aircraft tail
numbers for each variant

Train a DNN model on the entire
fleet's data

Clean, transform, normalize, and
label data, etc.

FlightAware
5. Train Specialized
8. Analyze Results 7. Compare Performance 6. Test Models P
Models
Conclude whether it is US:eF;h‘iquti:rgda?;h;r :ﬁg;ﬁ i Test generalized model on each
necessary to develop individual differences in accu”fc between aircraft type separately; also Train a separate model for each
models for each aircraft class H test specialized models on their aircraft type

the fleet-based model and the

respective variant's test data
specialized models

or domain

Figure 481 Methodology for Experiment4 (R.Q 3.1)

The methodology for Experiment 4 consists of eight structured steps. It begins
with engineering peflight features from raw fulflight data collected from aircraft

operations and integrating this information with relevant weather data and airport
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characteristics obtained from FlightAware®. The next step involves preprocessing the
data, which includes cleaning, transforming, and normalizing it to ensure readiness for

modeling.

The data is then partitioned into training and testing sets, stratified by aircraft tail
numbers for each wvariant. A generalized
using a Deep Neural Network (DNN), while specialized models are independently trained
for each aircraft type. To evaluate performance, the generalized model is tested on data
from each aircraft variant, and the specialized models are tested on their respective
variantspecific test setsRMSE and other relevant metrics are used to compare the
performance of the flediased generalized model and the specialized models. Finally, the
results are analyzed to determine if distinct models tailored to specific aircraft classes are
warranted. Section 11.1.1 of this dissertatiolh provide a comprehensive explanation of

the implementation of each stepthis experiment

5.3.4 Carbon Brake Wear ModelirigTransfer Learning to Enhance Generalizability

Building uponthe priorexperimenthatassesssmodel generalizability in
predicting aircraft brake wear, there is significant interest in expldnagotential of
Transfer Learning (TL) to enhance models' ability to generalize across diverse data
segmentge.g., distinct aircraft typesYhe underlying principle of TL is teverage
insights gained froma source task to improve performance on the target task, especially
when data for the target task is limifgdd)6 198-201]. By leveraging TL, it is possible to
combine the strengths of both specialized and generalized models, potentially boosting

performancend reliability across all data segments
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ltés essential to recognize that TL rel
and a smaller, labeled target datd466, 198 206¢. TL generallyfollows a structured
approach: first, a model is trained on an initial task with a substantial, labeled dataset.
Through this training, the model learns to extract relevant features or representations
suited to the source task. Next, the-fyegned model is fineduned and adapted for a
differentbut relatedarget task using the labeled data specific to the new domain. This
adaptation may i nvol ve mbgaichhageieaivgly aptiatng mo d e |

specific layerdike the output laydr before training on the target datage26, 198 206].

As illustrated inFigure49, traditional ML methods train separate models on each
task without retaining knowledge across tasks. In contrast, TL leverages insights acquired
from the source task to enhance performance on the target task, effectively transferring
usefulinformation[20§]. For instance, in modeling carbon brake degradation, a model
pretrained on data from one aircraft variant can be-fimed to improve predictions for
another variant, thus transferring learned insights effectively across similarGasis

this context, Research Question 3.2 is formulated as fallows

Research Question 3.2Can transfer learning significantly improve model performance
across different domain(®.g., aircraft variantsyuch that a more accurate, generalized

model is obtained fahe purpose oDT modelingof aircraft carbon brakevear?

14¢



© 2025 Collins Aerospace | This document contains no expanmtrolled technical data.

sy s .
Traditional ML VS TransfFer Learning
e Isolated, single task learning: n e Learning of a new tasks relies on
Knowledge is not retained or the previous learned tasks:
accumulated. Learning is performed Learning process can be faster, more
w.0. considering past learned accurate and/or need less training data
knowledge in other tasks
T /,./-"" B
,r/ ™ Leaming 14 \ Learning
| Dataset 1 ) =P System | Dataset 1 ) == \_SrystkgT
A / Task 1 ! / asl
\7_77_77_/ S _ \\l, B 7_,,./-/ 5
Knowledgs 1
- B n ,
Leaming Learning
{ Dalaselz/‘ =) System @ =) STyst:v;
\ Task 2 1 asl

Figure 491 Traditional ML Vs. Transfer Learning [206

TL is particularly impactful inDL applications, where adapted models such as
Convolutional Neural Networks (CNNSs) or transforAbased architectures achieve state
of-the-art performance across a variety of domains, including Natural Language
Processing (NLP) and speech recognitj@id6 198. TL can significantly reduce the
training time for the target task, as the model already captures essential features from the
source task, requiring only firening for domairspecific adjustments[17§].
Additionally, TL is highly effective in scenarios where labeled data for the target problem
is scarce, as it enables the model to transfer learned representations, improving predictive
performanceeven with limited data[198. Most importantly, TL enhances model
generalizability across different domains (i.e., data segments) by leveraging insights from
varied tasks during p#eaining, allowing the model to adapt better to new data

environment$198 20(Q.

I n this studyoés Expl or daimensignal @atatfranthen al y s
airlinebés widebody fl eet i's visualized in

(PCA), as illustrated inFigure 50 below. This visualization indicates that different
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aircraft variants tend to cluster in distinct regions, reflecting inherent differences across
domains. TL could help bridge these domsgpecific variations (e.g., across aircraft
types), potentially enabling a single model to perfawbustly across diverse data
segments, including varying aircraft types, operational settings, and environmental
conditions.This approach is particularly beneficial when developing a single predictive
model that performs effectively across various aircraft types, even with uneven data
availability. TL leverages the shared operational conditions and degradation patterns
among different aircraft variants. For example, although brake wear specifics may differ
between Variant 1 and/ariant 3, the fundamental physics and operational factors

influencing wear remain consisteAiccordingly, Hypothesis 3.2 is proposed as follows

Hypothesis 3.2:Incorporating transfer learning techniques wethhancemodel
generalizability supporting the development and maintenance of a single, more accurate

generalized model.

Variant 1
Variant 2
Variant 3

Principal Component 2

-5 ) 5
Principal Component 1

Figure 507 PCA on Full-Flight Data’

" PCA is conducted on the originddtasetprior to averagindeaturevaluesover segments where the wear
pin signalsremain constant.
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In DL, TL involves initially training a neural network on a problem related to the
one being solved, theleveraging one or more layers from this fna&ned model in a
new model that is finduned for the target problefi62 198. Two primary strategies,
Weight Initialization and Feature Extraction, are considered due to their widespread use
and effectiveness in leveraging knowledge from related domains to address practical

challenges such as limited data availability for specific tpE&d:

1. Weight Initialization : This approachusesthe weights from a model trained on a
related, dataich task as the starting point for training a new model on the target
task. By leveraging prrained weights, the model can quickly adapt to the new
task, utilizing shared characteristics between the problems to accelerate learning
and improve performancil62. This method is especially advantageous when
dataset sizefor different aircraft variants vary significantly, as it minimizes the
need for extensive training on smaller datasets. For example, a modieliped
on Variant 1 with ample labeled data can adjust all its weights to spemalize
Variant 3, even with limited data available for the latterthis scenaripnone of
the pretrained layers are frozen, allowing the model to fully finee itself for
the new task.

2. Feature Extraction: In this method, the neural network weights trained on the
initial task are kept fixed, and only tmew layers added for thtargettask are
trained further. Lower layers in the neural network capture shared foundational
features across domains, which are preserved by freezing these layers. The model
then focuses solely on learning patterns specific to the new[i&k This

approach is welbuited to aircraft brake wear prediction, as the operational
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conditions and degradation patterns across variants share fundamental similarities.
For instance, a model trained on data from Variants 1 and 2 can retain its hidden
layer weights and learn only the output layer weights for Variant 3, efficiently
utilizing the limited data for this variant while maintaining the robustness of

features extracted from the initial datasets.

The choice of TL technique depends on factors such as the similarity between the
source and target tasks, the volume of labeled data available for the target problem, and
the degree of adaptation needed for the target[t2H. In Experiment5, both Weight
Initialization and Feature Extraction techniques are employed to enhance predictive
models for aircraft brake wear. Weight Initialization provides a-iéirmed starting
point for training on new tasks, while Feature Extraction emphasizes efficiency and

robustness by preserving foundational knowleldd] .

5.3.5 Experiment (R.Q. 3.2)

Experiment 5 investigates the effectiveness of TL in creating a generalizable
model for accurately predicting carbon brake wear across multiple domains, including
different aircraft types, for DBRpplications. By transferring insights from related tasks,
TL has the potential to improve model performance and adaptability across varied aircraft

types and operati@nAn overview of the experimental setup is showRigure51.
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regression and training time

Figure 5171 Procedure Outline for Experiment 5 (R.Q. 3.2)

The methodology for Experiment 5 follows a structured esgép process.
Initially, a model is trained on a specifilataset segmeijtlomain), such as data from a
particular aircraft variant. This model is then duplicated, and a subset of its initial layers
is frozen to preserve the weights learned during training on the initial domain. These
frozen layers retain valuable features extracted from the initial doiMaxt, new layers
are appended to the architecture of thetmmed model, allowing it to adapt to the data
from a new domain. Feature extraction is implemented during these steps, with the frozen
layers (Step 2) capturing foundational features and the added layers (Step 3) adapting the

model to the new domain.

In Step 4, the modified model is trained on data specific to the new domain, such
as another aircraft variant, utilizing the grained weights as a foundation (weight
initialization). If none of the prérained weights are frozen and no new layers are added,
the process simplifies to pure weight initialization, where the entirgrgireed model is

fine-tuned without architectural changes.
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The model 6s performance is evaluated
included in the training set to assess its generalization capability. A comparative analysis
is conducted between the modified model and the originatrgieed model using
metrics for regressioperformanceand computational efficiency, such as training and
prediction times.Further refinement of the modified model can involve -fimeing
hyperparameters or altering the number of layers frozen or added to optimize
performance. The experiment concludes by determining whether TL significantly
enhances predictive performance and generalizability. Section 11.1.2 of this dissertation

provides a detailed explanation of the implementation of each step.

The next chapter delves into the datasets utilized in this research, encompassing
specific parameters from actual flight operations provided by an airline, as well as

environmental conditions and airport characteristics sourced from FlightBware
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CHAPTER 6: DATASETS

The data used for this research comes mainly from an airline’'s Continuous
Parameter Logging (CPL) data and FlightAWar€he airline is a major Japanese airline
and is one of the largest carriers in terms of fleet size, passengers carried, and
destinations serve[207, 20§. Its primary hubs are Tokyo International Airport (ICAO
code: RJTT), Narita International Airport (IATA code: RJAA), Osaka International
Airport (ICAO code: RJTT), and Osaka's Kansai International Airport (IATA code:
RJBB)[209. The airline operates a diverse fleet of aircraft, including three variants of a
particular widebody aircrafeach with varying capacities and rangEse airline utilizes
this widebody aircraft's fleet on domestic and international routes, expanding its network
and enhancing its services. Specifically, the airline operates this fleet to over 90
destinations across Asia, Europe, North America, and Oceania, as depiEtgdrab2
below. The aircraft is particularly wedluited for longhaul and mediurmaul flights,

given its extended range, fuel efficiency, and passenger comfort &ej@dire

*
* m< S
=, o O T : n},j
* J Y * ; :'
* * x “",'
¥ * P ,‘E.'

Figure 5271 Destinations fort h e A i WidelbodyeAicsaft Fleet
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The widebody aircraft in the fleet, identified by their tail numbers, operate-short
haul and longhaul flights, depending on the airline's scheduling and route planning
requirements. The airline continually evaluates and adjusts its route netwvapmize
efficiency, passenger demand, and operational performance. As a result, the routes flown
by a specific aircraft vary over timd-or example, a particular aircraft in the fleet might
be scheduled to fly a loAgaul route from Tokyo to Los Angeles one day and then
operate a shorter route from Tokyo to Singapore on another day. This flexibility in
aircraft utilization is essential for airlines to effectively manage their fleet, maximize
revenue, and adapt to fluctuating market conditions, such as seasonal changes in
passenger demand, competitive pressures, or external factors like geopolitical events.
Figure53 below showsampleroutes operated by twails of thelargesized variantsn

2019. Note that other airlines may operate the same aircraft types entirely differently

s N

Sample Tail 1 Routes 04/2019 - 11/2019 Sample Tail 2 Routes 07/2019 - 12/2019

Figure 531 SampleRoutes forTwo oft h e A i LargerSizedAicraft Variant

Aircraft maintenance schedules and regulatory requirements also influence
aircraft deploymen{21(. Airlines must ensure that their aircraft meet strict safety
standards, and tlremaintenance intervals can affect the scheduling of flights. For

instance, an aircraft might be temporarily removed from service for routine maintenance,
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after which it could be assigned to a different route or even be reconfigured to

accommodate different passenger capacities or seating layouts

This dynamic nature of aircraft deployment is essential for efficient fleet
management and allows airlines to adapt to -elanging operational and market
requirementsex a mp |l es of i nternational routes opel
include flights from Tokyo (Haneda and Narita airports) to cities such as London,
Frankfurt, New York, Los Angeles, Seattle, Chicago, Sydney, Singapore, Bangkok, and
Beijing, among others. However, most of this widebody fleet is used onhsndrtlights
connecting major cities like Tokyo, Osaka, Fukuoka, and Saggos. Given that his
airlinebés widebody fl eet operates across V
conditions the available data will help clarify the varying environmental and operational

effects on carbon brake wear

6.1 Continuous Parameter Logging (CPL) Data

Continuous Parameter Logging (CPL) data refers to the continuous recording of
various aircraft system parameters during fligR11]. This data is collected by the
aircraft's data acquisition system and is stored in the Quick Access Recorder TQAR).
latter device is optional but is designed to provide easier and more frequent access to
flight data[212. As such, airlines commonly use it to facilitate routine monitoring and
analysis of flight data. Maintenance crews and other airline personnel can retrieve the
data fromthe QAR conveniently, making it the preferred source for CPL data iratay

day operations
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CPL data provides valuable insights into aircraft performance, system status, and
operational efficiency throughout the flight. A CSV file is available after each flight and
contains data recorded on a frequency of 1Hz, meaning there is one recording of all the
signals per second from startup to shutdown. Consequently, the file size varies with flight
length. CPL datdnas beeravai | abl e for the ai sihcedulgds wi
2017, and as suchyer200,000full-flight files are accessible. A sample filename for one
of the airl i ne &igurebd Tihg filehasne c¢omstains a@mwaters isuth as
t he f | i g hepéarwrdime thesfligrd muthber, therigin anddestinatiorairports,
the airline code, and the specific tail number that operated the flight. The CRiighull
files are available from the airlineds wid
sized aircraft, 32 mediwsized aircraft, and 3 larggzed aircraft This extensive dataset
is securely stored in the cloud, managed through Azure Storage Explorer, and seamlessly

accessed for processing and analysis via Azure Databricks.

Sample Filename: YYYYMMDD~HHMMSS~XXX###~ XX XX~ X XXX~ XX~ X X###X~CPL___1_Hz_Parameters.csv

Figure 541 Sample CPL Filename for One Flight

Over 800 parameters are recorded in CPL data, including parameters relevant to
aircraft position (e.g., latitude, longitude, and altitude), speed (e.g., indicated airspeed,
true airspeed), attitude (e.g., pitch, roll, and yaw angles), engine performance (e.g.,
engine RPM, fuel flow, and thrust), flight control surfaces (e.g., elevator and rudder
positions), environmental conditions (e.g., static air temperature), aircraft system status
(e.g., pneumatic system pressures and temperatures), and pilot inputs (e.g., rudder pedal

positions, throttle settingsand autobrake settingsAs only certain parameters are
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relevant to predicting carbon brake degradation, a eseiection is conducted to retain
only the most relevanparametersSampleaircraft parameters include the timestamp of
the recordings, cabin altitudan (feef), static air temperaturén(degree<elsiug, ground
speed i knots), gross weightr{ pound$, onground indication €ither Actuated, ACT,
or OFB, and flight phase, which is a number ranging froitblas defined ifTable B4

in Appendix B.The variation of thesparameters throughoutsampleflight is shown in

Sample Raw Signals for One Flight
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Figure 551 Sample Aircraft Parameters Overan Entire Flight

In addition, CPL data includes specific Wheels and Brakes paramsiers as

the brake wear pin signal, which indicates the percentage of carbon brake pad remaining.
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This signalfor each brake on given aircraft isillustratedin Figure 56. The wear pin
signal as shownis a slowly changing stefunction that exhibits both linear and
nonlinear trends. Note tha number offlight files are missing from the data during
certainperiods. The arrows ifrigure 56 also indicateinstances obrake replacemesgt
where the wear pin valuesets from approximately 0% to 100%. These missing flights

and brake replacementsustbe considered when calculating wear rates

Missing Flights Brake Replacements

Figure 561 Wear Pin Value for Each Brake on a Specific Aircraft

Additional examples of Wheels and Brakes parameters include the brake CMD
(i.e., the sum of brake applications and &hkid command) for each brake, the brake
temperatures (normalized to be betweeh00 by the Brake Temperature Monitoring
System or BTMS), and an indicator (ACT/OFF) of the autobrake setting (e.g., 1, 2, 3, 4,
MAX, RTO). Furthermore, engine parameters are also included, such as the left and right
engine thrust reverser settings (ACT/OHRHyure57 belowillustrates sample parameters

specific to the brakes and engine.
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Sample Raw Signals for One Flight
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Figure 571 Sample Brake and Engine Parameters Over an Entire Flight

It is important to notethat brake temperature data is censored. The brake
temperature saturates at 100°F for the ssia#d aircraft variant (Variant 1), as shown in
Figure58 below, and it saturates at 350°F for the medamd largesized variants. This
censoringimplies thatthe BTMS cannot read and report temperatures below those
values. The BTMS renormalizes the temperature such that it falls betwEebh Gor
example, temperatures below 100°F yield a BTMS value of 0, while temperatures above
1400°F yield a BTMS value of 100 for Variant 1. In this research, the brake temperatures

areused as recordday the BTMS with no attempts to infer or extrapolateithealues
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BTMS Temperature vs Actual Temperature (F)
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Figure 581 Variant 1 (Small-Sized Variant) Brake Temperature Censoring

[Source: Collins Aerospace]

The abovementioned CPL parameters, among many others, enable airlines to
monitor fleet performance, plan maintenameere effectively optimize operations, and
enhance safety. For example, CPL data can be used for flight safety analyses to identify
any anomalies or deviations in aircraftstemperformance that may put the aircraft at
risk. CPL data can also provide valuable evidence to investigators in case of an incident
or accident, helping to identify the contributing factors and develop safety
recommendationg211]. Moreover, fuel consumption, flight efficiency, and other
operational parameters can be analyzed to optimize aircraft performance and reduce
operational costs. This research uses CPL data to monitor aircraft brake health and

predict wear, allowing for more efficient and proactive brake maintenance scheduling.
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6.2 FlightAware® Data

FlightAware® is a global flight tracking and aviation data services company that
provides comprehensive, rdahe, and historical information about flights, aircratft,
airports, and weather conditions. Founded in 2005, FlightAmaas become a widely
used resource for pilots, airlines, airports, air traffic controllers, and aviation enthusiasts
[213. FlightAware® was acquired by Collins Aerospace, a subsidiarRBX (formerly
known as Raytheon Technologies Corporatjpnin November 2021[214. The
acquisition aimed to expand Collins Aerospace's information management services
portfolio and enhance its ability to provide ddt@en solutions to its customers.
Combining FlightAwar&'s data and tracking capabilities with Collins Aerospace's
avionics and communication systems expertise aims to provide more comprehensive

solutions and services to stakeholders

6.2.1 FlightAware® Weather Data

FlightAware® provides numerous features and services, such asimeafflight
tracking of commercial and private jets, including details such as departure and arrival
times, flight paths, and aircraft altitude and speed. FlightAvaaéso offers
comprehensive weather informatiaterived fromMeteorological Aerodrome Reports
(METARS) [21Y. There are two kinds of METAR reports: a routine report is conducted
every hour, and a special report, a SPECI, can be provided at any tupeéaterapidly
varying weather conditions or other detdi®i6. A sample routine METAR report is

presented ifrigure59 below.
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O 6 €6 0 6 66 O o0 © o

METAR KBNA 2812512 AUTO 12008KT 4SM-RA HZ BKNO10 OVC023 21/17 A3005 RMK RAB25

Type of Date and Wind Weather Temperature Remarks

Report Time of 12008KT -RA HZ and Dew Point RMK RAB2Z5 means

METAR is a Report n : 21/17 means the remarks 2

routine 2812517 rature s at 25 min, past the

the obse hour (1225 UTC)

observation was t
the 28th of the

\
month at 1251
UTC (or 2)
Station Identifier Modifier Visibility Sky Condition Altimeter
KBNA is Nashville BKNO10 OVC023 Setting
International Airport means cei A3005 means the
Nashville, TN altimeter settir

ne 9
is 30.05 in. of Hg

Figure 591 Example of a RoutineMETAR Report [216

After parsing the raw data from METARavailable weathgrarameteranclude

1. Airport: ICAO airport codde.g., SPJL

2. RequestedTimeUTTimestampof whenthe report was requested UTC (e.g.,
2021-04-26 04:46:00)

3. TimeUTC Timestamp othe METAR, in UTC (e.g., 202104-26 04:00:00)

4. CloudAltitude Cloud altituden feet(e.g., 110Gt)

5. CloudFriendly Description ofhow cloudy the skies are (e.g., partly cloudy)

6. CloudType Code forthe cloud type (e.g., SCTscattered clouds or FEVMfew
clouds)

7. Conditions Code forthe varyingweather condition¢ée.g., HZ: hazy)

8. Pressure Sea level pressure imectopascalée.g., 1014.0Pa)

9. AirTemp Air temperature idegrees Celsiug.g., 17C)

10. Dewpoint Dew point temperatur@ degrees Celsiu®.g., 15C)
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11.RelativeHumidity Percentage of relative humidityvhich is found using thair
temperatur@andthedew point (e.g., 89%)

12.Visibility: Visibility in statute milege.g., 4SN

13.WindDirection Direction the wind is blowingfrom, in degrees (e.g., 180
indicates wind blowing from the south toward the nprth

14.WindFriendly Description othow windy it is (e.g., calm winds evindy)

15.WindSpeedWind speed irknots(e.g., 3 knots)

16.WindGust Wind gust inknots(e.g., 0 knots)

Notethat the data fusion of FlightAw&taveather parameters with CPL data is based on
the arrival airport and timestamp (in UTC) of the METAR. In other words, each flight is
paired witha METAR available within one hour of arrival at the destination airport. Also,
FlightAware® data has been available sina#01/2021, limiting the dataset's size with
both data sources (CPL and FlightAw®renowever, the remaining dataset still consists

of over 90,000 flight records

6.2.2 FlightAware® Airport Data

FlightAware® also provides airport characteristics, including geographical
coordinates latitude, longitude and elevation in feet) and aggregatedrunway
information, such asaverage minimum and maximum runway lengths(in feet).
However, this runway information lacks granularity; even if an airport has multiple
runways, the dataset includes only one row per airport. These parameters may not fully
capture the specific runway conditions for a given flight, which could be crucial for

predicting brake wear. Although the data granularity is not ideal, it offers a general sense
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of t he airportéos overall scal e. The fusi

FlightAware® weather data is based on the destination airport.

6.3 Feature Generation

A fundamentalstep in ML workflows, particularly for conventional models, is
feature engineeringyhich focuses on crafting new features or transforming existneg
to enhance model performanf®9, 217]. This process helps generate meaningful and
informative parameterghat more accurately represent the underlying problem, as the
guality and rel evance o f features great |
interpretability[12]. Feature engineering can involve various techniques and strategies,

including but not limited t¢217, 218§:

1 Feature extraction: extracting meaningful information from raw data, such as
calculating summary statistics or aggregating .data

1 Feature transformation: applying mathematical functions to modify the scale or
distribution of features, such as normalization, standardization, or logarithmic
transformation. These transformations help improve the performance of
algorithms sensitive to the inputs' magnitudes

1 Feature encoding: converting categorical odiscrete variables into numerical
format. Standard techniques include 4w encoding, among others, which are
necessary as many ML algorithms require numerical input features

1 Feature construction: creating new features from existing ones, such as
calculating interaction terms, ratios, or other combinations of features that may

reveal essential relationships or provide additional information about the problem
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Featureengineering is dundamentaktep in the ML process, but it often comes with
several challenges, including the need for domain knowledge to create meaningful
features[12, 217, 218. Domain knowledge helps identify patterns, relationships, and
other relevant information that may be important for the model. Still, identifying and
capturing interactions or nonlinear relationships between features can be challenging, as
they may not be immediately apparent from the raw data. In addition, it is also vital to
create features that are stable and generalizable across different scenarios to build robust
models. If the inherent patterns in the data are captured, it can lead to adequate

generalization performance aewor unfamiliar data.

Another challenge lies in transforming categorical variables into a numerical format
that can be utilized by ML algorithms, especially when dealing with-bégtinality
variables. Techniques such as ¢ encoding must be used, which may also increase
the data dimensionality and thus lead to increased computational complexity, overfitting,
and reduced model interpretabilft®18. Feature selection and dimensionality reduction
techniques may help alleviate these issues but may also result in the loss of valuable

information if not used appropriately

Figure 60 below presentsan overview of the methodology used to generate features
for each flightfrom CPL dataAs previously mentioned, the data from 71 aircraft from
the airlineds widebody -flightfiles (inaCSY forindt) eTde i s
flight files are stored on the cloud through Azure Storage Explorer and accessed via an
Azure Portal. The analytics platform used to help with clbased big data processing is
Azure DatabricksThe latterconnects to a Data Science Virtual Machine (DSVM), a

high-performance virtual computer accessed via the internet through a Goliivex
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asset (e.g., laptop). Once connected, Python programming language, among others, can
be used in Databricks to develop single flight analyticgdneratespecific features of
interest for that flightPySparkis then used to parallelize this analysis for all flight files
available from the entire fleet. In addition, the option of performing manual analysis is
also available, as the data can be exported if needed. Once the features for all the flights
are generated from the parallelization,-thi¢-shelf packagesr tailored modelsan be

used to conduct dat#riven modeling

Airline’s Widebody Full Flight Files, CSV Azure Storage Explorer Azure Databricks Data Science Virtual Machine (DSVM)
A/C Variants 800+ parameters, * Storage of all the full flight data « Analytics platform to help + Avirtual computer via the internet
36 small-sized 1Hz, startup to shutdown + Access via Azure Portal or with cloud-based big data « High performance computing
32 medium-sized Jan. 2017 - Today DSVM desktop application processing
3 large-sized Over 200,000 flight files
Cloud Data Databricks Virtual Machine
L ‘ ‘ @ Collins Laptop
" Collins Laptop
+ DSVM accessed via
remote desktop
connection from any
Collins-owned asset
°
3 -u‘ & 4= €
Modeling & Machine Learning “Manual” Analysis Full Fleet Parallelization Single Flight Analytic Azure Portal
« Off-the-shelf python packages + Data can be exported & analyzed « Utilize "Spark” to + Develop analytics to interrogate | + Cloud computer
available for predicting the manually to gain quick perform parallel analysis specified features of interest in service by Microsoft
value of one signal given the understanding of trends on full flight data a single flight file + Python Programming
values of other signals simultaneously

?
Data-Driven Modeling + UQ + OPT

Figure 601 Overview of Methodology Used for Feature Generation

As previouslymentioned, the airline’'s CPL data contains hundreds of thousands of
full-flight files, providing a substantial dataset for analysis. Due to the extensive number
of recorded parameters, it is essential to narrow down the parameters directly related to
brake wear to focus on the most relevant factors. To avoid the challenges -of high
resolution pessecond data, which could overwhelm specific ML models due to its sheer
volume, a methods employedto generate peltight features for each aircraft's eight

brakes [28]Sample features generated for each flateprovided inTable4, including
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aircraftspecific parameters (e.g., aircraft weignid speed), operational conditions (e.g.,

flight durationandturnaround time), environmental factors (e.g., static air temperature)

and pilot inputs (e.g., autobrake and thrust reverser settiNg#) thatcertain features,

marked with an asterisk in the table, are calculaemss applicable flight phases

including taxi out (covering?ower On Engine StartTaxi Out andTakeoff Rol), landing

(encompassinglare andRollouf), and taxi in (includingraxi In, Engine Shutdowrand

Maintenancg For each phase, specific features, such as the mean cabin altitude, are

generated tensure a comprehensive understanding of the braking system's performance.

Table 47 Sample PerFlight Features Generaed from CPL Data?

Operational &

Aircraft, Technical, &

Wheels & Brakes Metrics

Pilot Inputs & Engine

Utilization Metrics Environmental Metrics Metrics
. . . . Mean Wheel Autobrake Setting
Airport ICAO Codes Aircraft ID/ Tail # Brake Position Speed* Indicator
F“ght Star/End Aircraft Class Wear Pin Value | Wheel Energy* Thrust Re_verser Usage
Timestamps Indicator
P BrakeCommand Mean Brake Mean Captain or First
*
Tail Flight Number Mean Ground Speed (CMD) Fraction* CMD* Officer Pedal Force*
Flight Duration Deceleration* # o_f Br_ake*
Applications
Tail Flight Count Per . I Mean Autobrake
Day Aircraft Weight Master CMD*
Rolling Average Mean & Max
Flights/Day N . Mean Tire Brake
(Window: 100 Mean Kinetic Energy Pressure* Temperature .
- . Mean Engine N1
Flights) Monitoring Left/Right*
Time Between Mean Cabin Altitude* Wheel Wear* System (BTMS) ’
Flights Brake
Mean Electronic| Temperature*
Time Duration* Brake Actuator
Static Air Temperature* Force*
Tail Flight # of the Parking Brake
Day Sum*

Incorporating weather data iseneficial for understanding the environmental

conditions aircraft encounter, particularly during the landing and taxiing phases. Weather

AFeatures marked with an * are calculated for each of the three flight pteasesit landing, andtaxi in.
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conditions can significantly affect planned aircraft operations and the performance of
braking systemg219. For instance, wet or icy runways can reduce braking efficiency,
and various atmospheric conditions can influence overall aircraft performance and brake
wear [220. Weather information from FlightAwaPeis integrated with CPLdata by
aligning it based oreachflight's destination airport and time of arrival (UTC). This
temporal alignment ensures that the weather data accurately reflects the specific
conditions experienced by the aircraft. A comprehensive view of the factors affecting
brake wear is obtained by merging this weather data with the detailed operational data
from CPL records.Sample weather parameters sourced from FlightAWvatata,
available since April 2021, are presentedlable 5. Consequently, the data utilized in

this research spans from April 2021 to October 2023

Table58 Sample Weather Parameters from FlightAwag®

CloudAltitude Pressure Air Temperature
Dew Point Relative Humidity Visibility
Wind Direction Wind Speed Wind Gust

As discussed in section 6.FlightAware® also provides airporspecific
information, such aaverage minimum andmaximunrunwaylengths and geographical
details, such asatitude longitude and elevation[33]. However,this datadoes not
differentiate between various runways at the same airport, potentially limiting the
precision of analyses that require runvepecific information. Despite this limitation, the

aggregated airport data remains valuable. For example, runway length can affect the
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required braking force and subsequent brake pad wear, while the airport's elevation and

location can influence environmental conditions impacting aircraft performance.

Feature engineering and selection are tedious, Jabensive, and iterative
processestypically requiring extensive trial and error to identify the optimal set of
features They can encompass more than 90% of dfifert in constructing ML models
[12]. However, poper feature engineering can oftéistinguish between a mediocre and
a highperforming modelintegrating CPL data with environmental and airgpécific
characteristics provides a comprehensive representation of the fleet's operating
environments, creating a robust dataset for applyihgtechniques to predict carbon

brake wear and uncover the most influential factors
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CHAPTER 7: RESEARCH METHODOLOGY

This research is focused on developing predictivear models,as partof a
broaderDigital Twin-driven condition monitoring system faircraftcarbon brakesThe
DT must bemplemented as a closéaop frameworkas shown irFigure61, where the
data flowis bidirectional[12, 52]. First, sensor data from the aircraft and operational and
environmental parameters are preprocessed, and new features are generated. The features
are then passed into optimized ddteven models to predict wear. This process allows
the mapping of the physical system (i.e., the carbon brake) to its digital counterpart
(P2V), which enables determining both the

as well as it)RUL (i.e., prognostics).

In turn, the DT can provide decisionakers with optimal actions for the physical
system (V2P), such as operational recommendations that enhance carbon brake life. Note
that the V2P connection involves humans in the loop, and as such, it is not fully
automaed and must be handled promptly to avoid unexpected breakddwrs For
instance, engineers can analyze the degradation trajectorgstinthte RULto make
more informed decisiemakingaroundthe optimal time for brake replacements. This DT
framework, shown ifrigure61, is a powerful approach to condition monitoriegabling
predictive maintenance of critical systems like aircraft brakes. By leveraging sensor data
and operational and environmental parameters;ditatan modes can be built to predict
carbon brake wear, which are invaluable for optimizing maintenance schedules,

minimizing downtime, and reducing maintenance and operational costs
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Focus Area: Model
Development

Physical System / Optimization \
+ Sensor Data
+ Humans-in-the-loop f = '?‘ . Preprocessing
.‘ . o + Feature Calculation

Virtual-to-Physical: h Physical-to-Virtual:
+ua +  Predictive Maintenance + Fault Diagnostics
+ Operational Recommendations + Failure Prognostics

+ Optimize Decision-

e 3 : gg.l'. « Data-Driven Modeling

Virtual System

Figure 6117 DT-Driven Condition Monitoring Framework for Aircraft Brakes

In this DT frameworkUncertaintyQuantification(UQ) and Optimization (OPT)
are essential components, as they allow an enhanced characterization of the physical
system in the digital spa¢&7]. In the context of DTsUQ is vital in understanding the
performanceand reliability of the predictions made by the ddtaven models. By
guantifying the uncertainty associated with the predicted wear, deos&ars can
better assess the risks and traffs involved in their decisiondJQ alsoidentifiesareas
where additional data or improved models may be needed, thus providing a feedback

loop for continuous improvement of the DT

Furthermore OPT has a crucial function in all dimensions of the DT. It can be
divided into offline optimization, which occurs before the deployment of the DT, and
online optimization, which occurs when the DT is in operation. Offline approaches
involve sensor locatior physical system modelingptimization[77]. Sensor placement

optimization involves finding how to collect the data to maximize the value of
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information; however, this is owtf-scope for the present research. Instead, the focus is
on optimizing the physical system modeling, which involves improving the performance
and efficiency of the ML algorithms. It typically starts witbature engineering, as
discussed irSection 6.3data preprocessing (e.g., cleaning, transforming, and preparing
data for modeling and selecting the most appropriate type of madel its architecture

and hyperparametersased on the problem's requirements and data characteristics.
Different models can be constructafier selecting thekey featuresinfluencing carbon

brake weaand optimized by tuning hyperparameters

Once the offline optimization is complete, the resulting model is deployed in the
DT framework, which can inform redéime decisioamaking, monitor system
performance, and predict future states. Online optimization focuses on updating and
refining the model as new data becomes available instantaneously of semi
instantaneously during the operation of the physical system. This process allows the DT
to adapt and improve its performance as the system and its environment evolve. Online
optimization typically involves continuous data streaming and model updating to adapt
the model's parameters such that new information is incorporated while model relevance
and performanceare maintained77]. However, mline optimization is also out of the

scope of this research

While online and offline approaches are essential for creating accurate, reliable,
and adaptive DTs that can effectively support decisiaking, optimize system
performance, and maintain the physical system's health, this research emphasizes offline
optimization for physical system modeling; this typically involves selecting the optimal

set of hyperparameters (e.g., learning rate or number of hidden layers), exploring
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different types of models (e.g., linear regression, decision trees, or ANNS) to discover the
optimal model that best suits the dadad seledhg the most relevant set of features to
improve model performance and generalizab[221, 222). Model validation techniques

such as crosgalidation are also employed to guarantee that the optimized models

generalize well to unseen data and avoid overfiftd&§ .

Optimizing the predictive model ensures that it accurately captures the connection
between the inputs and the target parameter (i.e., carbon brake wear), allowing for
informed decisiormaking and improved maintenance planning. Given the predictions
from the datedriven model, the most suitable course of action regarding maintenance and
operation can be identifie which may involve balancing the costs of brake replacements
and safety risksigainst the benefits of extended brake life and reduced dowfiirhe
By optimizing the maintenance schedule and providing operational recommendations, the

DT can help maximize the braking system's overall efficiency and effectiveness

Another core component of the DT is tharticipation of human experts in the
decisionmaking procedure to ensure that the vidigaphysical connection is well
informed and grounded in domain knowledgehich is particularly important when
dealing with complex and critical systems like aircraft brakes, where human expertise can
complement the insights provided by the Dr7]. Furthermore, the DT framework is
scalable since it can be extended to other systems or components of the aircraft, enabling
a more comprehensive condition monitoring and predictive maintenance s{éted\s
such, a D¥driven condition monitoring system for aircraft brakes can provide significant
benefits regarding improved maintenance planning, reduced downtime, and cost savings.

By incorporatinguQ, OPT, and human expertise into the framework, the DT can help
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decisionmakers make more informed choices and better manage the health and

performance of the braking system

The research methodology, termed AWear (Advanced Implementation of
Machine Learning for Wear Monitoringnd summarized irFigure 62 below, employs
diverse modeling approaches to tackle various ML challenges and extract the maximum
insights from the available CPL and FlightAw&mata.In the initial step, the fused data
is clustered using unsupervised ML techniques to uncover patterns and relationships that
impact the severity levels of carbon brakeawd&nowing the mosinfluential features
can helpstakeholderslefine duty cycles for brake testing that are tailored to specific
operations and environments such a benchmark of various clustering algorithms is
conductedo find the most suitablmethodfor this datasetandthe resulting clusters are
analyzed toprovide insights intothe mostrelevant operational and environmental
parameter®n carbon weaand their variations across cluste®sich insightsalso inform
the development of more accurate and targeted predictive models for brake wear
prediction This approach would also enable the labeling of datasets for aircraft lacking

electronic wear pin sensors.

In Step 2, thenethodologyappliesclassification algorithms (i.e., supervised ML
techniques) to categorize flights by brake degradation severity, while quantifying
uncertainty and ensuring model explainability. Initially, data is preprocessed and labeled
using quantiles of pdtight brake degradation, derived from wear pin signals in the CPL
data. Various classifiers are then trained (e.g., Decision Trees, Random Forests), with
each al gorithmoés hyper par amet-ealdationt Tha e d Vi

optimal classifier is selected based on a balance of accuracy and practicality, such as
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minimizing false negatives. This approach enables the rapid identification of flights with

unusually high brake wear, along with insights into the most influential features

In Step 3, the problem is approached using regression algorithms to predict
continuous carbon weanlues, supporting more accurate RUL estimations and enabling
more informed decisions on maintenance scheduling and operational adjustments.
Traditional ML algorithms (e.g., Linear Regression, Decision Tree) are compared with
advancedL algorithms (e.g., Deep Neural Networks or DNNSs), with hyperparameters
optimized via HyperOpt. The optimal model is selected basqukdormancesvaluation
metrics such as MSE, along with training and prediction times to assess computational
efficiency. Additionally, key features influencing brake wear are identified using

techniques like feature importance or decision rules.

The bestperformingmodelidentified is then used tfind the optimalreporting
frequency of thewear pinsignal which is crucial for cost reduction and efficient
maintenance planning. By striking a balance between reporting frequeredictive
performanceand data storage costs, airlines can make more informed brake maintenance
and data management decisions without ri sk
the datecollected atdifferent reporting frequencies (e.g., every flight, every five flights,
every ten flights, etc.) are creattm assess howhe reporting frequency affects model
performanceThe bestperformingregressiormodelis then trainedn these distinct data
subsets, andhe performances are compared to determineofitamal frequency that
balances prediate performanceand maintenance efficiencylhis approach would also

inform airlines on the recommended frequency for physical inspections of aircraft
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without electronic wear pin sensors, enabling the use of similar predictive models for

suchaircraft.

Subsequently, Step 4 assesses whether the predictive brake wear models can
generalize well across distindata segmentgor domaing, such as different aircraft
types. To evaluate model generalizability, models trained on speciakzgdentsare
compared to a single model trained on the entire data. Then, the performance differences
between specialized and generalized models are analyzed to assess whether the
specialized models significantly improve predietperformanceand reliability on their
respective data segments. The traffe between the benefits of having specialized
models (e.g., potentially improved performance on specific segments) and the associated
costs (e.g., increased model complexdtpragemaintenance, anthe risk of overfitting)
must also be consideredThis analysis can reveal whether improved model
generalizability is needed to develop more effective and robust predictive brake wear
models capable of handling diverse aircraft types, operating conditions, and

environmental factors.

Finally, in Step 5, the potential of Transfer Learning (TL) in enhancing model
generalizability is assessed for predicting carbon brveéar across different domains.
For instance, minitial model (e.g., an ANN) is prigained on a source domain (e.g., one
aircraft variant) using its availabléabeleddata. Next, the model is firened on the
target domain (e.g., another aircraft variant) reyusing a certain numbeof the pre
trained model 6s | ayers and adding new | ay
model on the target domain is then evaluated using appropriate regression metrics (e.g.,

MSE). Lastly, the performance differences between thérpieed and finduned models
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are assessed on the new domain to determine whether the TL models significantly
improve predictive performance generalizability, and computational efficiency for DT
modeling purposes. If successful, TL can help improve model performance across
different domains while reducing the requirement for vast training data, ultimately

leading to more robust and efficient predictive models for aircraft carbon brake wear.

Step 1: Cluster fused
data from a/c &

FlightAware

: 'daer’;trirzt"(‘e’:‘;“ Step 2: Classify flights
iF:n‘Iuence the severity into diff,erent bra,k,e
of brake degradation severities
degradation; allows
to tailor duty cycles

RQ2.425

Step 3: Predict

for specific + Detect flights continuous

operations or experiencing higher degradation values &

environments brake degradation find optimal wear pin
than usual with a reporting frequency
& ety Influental’  * Determine more Step 4: Assess need
features precise predictions for enhanced model

of brake wear & how
frequently operators
would need to report

generalizability

xﬁzroﬂitne}(ggt?grzﬂc * Determine if Step 5: Assess TL
N redictive brake ili i
wear pin sensors \'/)vear model ability to improve

: model generalizability
generallzes across

different domains
(e.g., a/c variants) + Improve model performance
across different domains

Figure 621 AIM -Wear Research Methodology
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CHAPTER 8: CLUSTERING BRAKE WEAR PATTERNS

This chapter explores the development, implementation, and evaluation of a
methodology employing unsupervised clustering techniques to identify distinct data
patterns related to various levels of severity in aircraft carbon brake Tearapproach
represents the first step of the AlWear methodology, as highlighted kigure 63, and
focuseson uncovering inherent patterns within the data that correspond to differing wear

conditions directly addresimg Research Question 1

Research Question 1How can various aircrafspecific parameters, operational
conditions, and environmental factors be used to categorize the severity of aircraft

carbon brake we&

RQ 1

+ Identify which
parameters
influence the severity
of brake
degradation; allows
for tailoring of duty - Detect flights

cycles for specific experiencing higher
operations or

. brake degradation
RQ 3.1
environments than usual with a
degree of uncertainty
& identify influential * Determine more
features precise prediction of
brake wear & how
frequently operators RQ3.2
would need to report
wgar‘pin for a,’cl * Determine if
wnhou electronic predictive brake
wear pin sensors wear model
generalizes across
different domains
(e.g., a/c variants) + Improve model performance
across different a/c variants

Figure 631 Step 1 of the AIMWear Methodology. Clustering Brake Wear Data
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8.1 Methodology Overview

As outlined in Section 6.3, extensive feature engineering of the comprehensive full
flight data from a widebody aircraft fleet iessential before applying clustering
algorithms This process involvesrafting relevant features for brake wear from the raw
data of various aircraft systems across the applicable flight phases, such as taxi out,
landing, and taxi inThe dataset is further enriched with supplementary features from
FlightAware®, detailing weather conditions and airport characteristics at the time of
arrival. These added dimensions provide a more comprehensive depiction of the
operational environment, capturing the external factors impacting the aircraft and its
braking systemNext, peprocessing steps like cleaning and normalizatiorcanéralto
addressingnconsistencies angreparingthe dataset for subsequent clustering algorithms
sensitive to the datguality andscale[224)]. Following this,a feature selection proceiss
essential to pinpoint the most relevant features influencing carbon brake wear. Utilizing
feature importance metrics derived from ttsed models, such as Random Forest, is a
widely adopted approach for this purpd829. This method helps prioritize impactful
features, enhancing the model's focuscoitical predictors and improving clustering

guality.

To assess whether highnd lowwear data samples are distinguishable in-taro
threedimensional space, dimensionality reduction techniques like PCA or autoencoders
can be applief226, 227]. These methods reduce the complexity of the data, allowing for
a more straightforward visualization that reveals potential patterns or separations between
wear levelsCondensinghe high-dimensional datanablesa more intuitive interpretation

of the clustering outcome and helps confirm whether distinct groupings related to wear
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severity can be observe@®ubsequentlyclustering tendencyis assessedising the
Hopkins statistic, which evaluates whether the data possesses a meaningful clustering
structure. Robustness to data variations is examined by testing different dimensional
representations and feature distributioAs. such multiple datasets are considered: the
original dataset, versions transformed through PCA using two, three, and four principal

components, and a dataset reduced to two dimensions through an autoencoder.

Following this, variouglustering algorithm® including K-Means, Agglomerative
Clustering, DBSCAN, Spectral Clustering, Mean Shift, and GMate applied to
identify natural groupings within the brake wear dgitédl, 112 122 124, 228 229.

Each algorithm is tested with different hyperparameter configurations, and each
algorithmhyperparameter combination iassessedacross all datasetconsidered
Importantly, these clustering techniques operate independently of predefined wear labels,
identifying clusters based purely on inherent patterns in the @ataperformance of

each algorithm is initially evaluated using unsupervised metdcassess clustering
guality. However, with access to electronic records of wear pin values, categorical labels
(e.g., High, Medium, Low wear) can be assigned based on quantiles of gverélggt
degradation. This labeling enables the use of supervised mietr@gluate clustering
guality and its alignment with defined wear severity categories, providing a more precise

assessment of how well each algorithm distinguishes between different wear levels.

After clustering, box and pair plotge examinedo gain insights into the feature
distributionsandrangesacross clustersThis approachdentifiesthe clustering algorithm
that most effectively separates high and low wear conditions, highligkeéyndeatures

and their ranges associated with distinct wear levels. ifHnative processinvolves
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continuously refiningparameters and methods based on preliminary findkigsre 64
provides an overview of the methodology, with further details discussed in the

subsequent sections

Figure 641 Methodology Overview for Experiment 1

8.1.1 Step 1i Feature Generation and Data Fusion

Multiple data sources, detailed in Chapter 6, are utilized to comprehensively describe
the aircraft, its various systems, and the operational and environmental conditions
encounteed This section provides a concise summary of the data, covering its scope,
types of parameters available, and their time frames. It also revisits the feature
engineering processletailinghow specific attributes relevant to carbon brake wear are
carefully selected from raw data and transformedaoturethe underlying phenomena
more accurately Additionally, the section explains how different data sources are

combined to enhance the depiction of environmental and operational conditions.
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