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Executive Summary

The present industrial PhD project addresses a strategic challenge for the aviation
sector: how to transform large volumes of operational aircraft data into actionable
Prognostics and Health Management (PHM) capabilities for safety-critical flight
control actuators, starting from legacy platforms. Developed in partnership between
Politecnico di Torino and Leonardo S.p.A. and co-funded under the Italian Piano
Nazionale di Ripresa e Resilienza (PNRR) within the EU’s NextGenerationEU
framework, the work aligns with national and European priorities on digitalisation,
innovation and safety-critical infrastructure.

From a strategic perspective, the project responds to three converging drivers.
First, aviation is under pressure to deliver higher availability and lower life-cycle
costs while maintaining uncompromised safety and regulatory compliance. Second,
the proliferation of on-board Health and Usage Monitoring Systems (HUMS) and
ground information systems generates data that remain largely under-exploited for
prognostics and decision support. Third, the state of the art in AI and machine
learning for PHM shows a rapidly expanding body of methods, but only a limited
fraction of truly deployed, auditable solutions for real industrial fleets. Against this
backdrop, the thesis positions PHM as an enabling capability that must integrate
with existing maintenance processes, standards, and operations.

The technical core of the project is the design and implementation of a PHM
framework for the electro-hydraulic actuators of an Advanced Jet Trainer (AJT) flight
control system, using exclusively operational data from a fleet in service. The work
demonstrates that a legacy fleet can be equipped with a structured PHM capability
by systematically exploiting HUMS files, equipment registers, maintenance logs and
associated documentation. The framework is organised into three functional layers:
(i) data management, Extraction–Transformation–Loading (ETL) and pre-processing;
(ii) data processing, feature engineering and probabilistic health prediction; and (iii)
health management and maintenance decision support. This layered architecture is
deliberately technology-agnostic and compliant with existing HUMS infrastructure,
making it transferable to other components and case studies.

A key outcome is the scalable ETL workflow that harmonises heterogeneous
sources into a consistent data model at flight and component level. This addresses
a recurring bottleneck identified in the literature review: most AI/ML-based PHM
studies assume clean, curated datasets that do not reflect industrial realities. By
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contrast, the proposed workflow deals explicitly with operational data. On top
of this foundation, the project develops degradation-sensitive features and flight-
level indicators that link operational usage to actuator stress, including mission
profile clustering to provide operation-aware future simulation. These features
feed probabilistic health prediction models that provide risk trends, while explicitly
accounting for future mission profiles and fleet heterogeneity.

Crucially, the framework envisions and facilitates the process of transforming
health information into informed decisions. In the last chapter, the thesis outlines and
analyses maintenance strategies and fleet management outcomes, both short–mid
term (e.g., improved scheduling, prioritisation of removals, enhanced troubleshoot-
ing) and long term (e.g., fleet renewal decisions, tail number suggestions). In
summary, this thesis delivers a concrete, industry-grade PHM framework for legacy
flight control actuators and a strategic understanding of AI/ML trends in prognostics.



Abstract

The integration of equipment operational data into decision-making processes is
transforming asset management, laying the foundation for smarter and optimized op-
erations. Prognostics and Health Management (PHM) strategies combine operational
monitoring and historical data within a unified framework to assess system behavior
and predict future health status leveraging advanced data processing techniques.
This approach benefits Original Equipment Manufacturers (OEMs), operators, and
maintenance technicians by enabling tailored maintenance planning and increased
fleet status awareness. In particular, the implementation of optimized scheduling
strategies for maintenance operations facilitates improved asset availability and op-
erational readiness, thereby reducing total operational expenditures and increasing
system performance.

The possibility of the integration and development of PHM approaches on histor-
ical databases or datasets derived from already operational equipment is one of PHM
many selling points. In fact, in this case, the operation of legacy equipment can be
enhanced without the need to incorporate new sensors, utilizing the signals already
monitored and thus eliminating the need of long and expensive certification phases.
The main challenge when dealing with operational equipment is to envision a PHM
system able to infer, extract, and interpret operational multimodal data which was
not originally and systematically recorded for PHM purposes but that was instead
captured for a diverse array of applications, such as Structural Health Monitoring
(SHM), control loops, diagnostic purposes, etc. It is then essential to approach the
analysis of these sources from an completely different point of view, trying to extract
prognostic value from an existing set of signals to analyze prognosable failures.
In fact, when a system is prognosable, PHM strategies can be built on existing
monitored signals, enabling new capabilities without equipment modification.
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However, the effective utilization of PHM strategies on operational industrial
data faces considerable challenges, especially in terms of data quality and represen-
tativeness. Often, the needed signals are not monitored, sampling frequencies are
insufficient, and data sources are inconsistent or isolated in different siloed databases.
Due to the limited coverage of these areas in existing literature, this thesis encounters
several challenges stemming from the innovative nature of the questions posed and
the lack of comparable studies available. Within this high-risk, high-reward context,
this thesis develops a PHM framework utilizing operational, historical, and logistic
data from a fleet of Advanced Jet Trainers (AJTs). The study focuses on the Hori-
zontal Tail (HT) Electro-Hydraulic flight control Actuator (EHA) of the AJT, which
underwent comprehensive analysis to collect and analyze all relevant data sources.

The research methodology involved an extensive data collection campaign, cul-
minating in an Extraction-Transformation-Load (ETL) pipeline, followed by detailed
Exploratory Data Analysis (EDA) to identify data-specific strategies. Algorithms
were developed and tested to identify influential features created during feature
engineering. In this context, flight clustering was performed to enable mission-
informed trend propagation in the future. The features were projected into the future
using Monte Carlo simulations and compared against a dynamic probabilistic hazard
distribution. This process generated a Probability of Failure (PoF) distribution over
time, which was integrated to create a risk trend. This risk trend ultimately drove
the maintenance optimization framework, divided between short-term and long-term
predictions within an explainable pipeline.

In summary, this thesis positions itself at the interface between industrial chal-
lenges and academic advances in PHM for EHAs, with the aim of bridging the gap
between deployable solutions and state-of-the-art research. Beyond the methodolog-
ical contributions, it highlights how a structured PHM framework can provide the
foundation for concrete operational benefits, from improved situational awareness
to more informed maintenance planning. The concepts and tools developed here
provide a foundation for future developments that will further exploit operational
outputs, enabling their progressive integration into routine maintenance workflows
and flight operations, and their adaptation to different customers, fleets, and mission
profiles.
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Preface

During my three years of PhD research, I immersed myself in the fields of
Prognostics and Health Management (PHM) and Condition-Based Maintenance
(CBM) – those very topics that have fueled my professional trajectory since my
Bachelor’s thesis. I firmly believe in the power of appropriate system and equipment
monitoring to improve operator awareness, leading to positive outcomes in terms
of performance, cost-effectiveness, and safety. Identifying more as a "maintenance
technician" than a designer, I have always been drawn to the practical aspects of
making things work, repairing them, and optimizing, rather than just conceiving
them. Therefore, I viewed this PhD as a perfect opportunity to merge my professional
background with my passion: to deepen my knowledge while maintaining a strong
connection to aviation, contributing to its safety and efficiency through practical,
implementable solutions. It was.

I think my growth over the past three years can be summarized by a few phrases,
which have become the pillars through which I approach problems to find solutions.

The first mantra is "Do the best with what you have". Rarely does a project come
equipped with every component exactly as ideally needed. In such situations, success
depends on making the most of the resources at hand. It is about adapting creatively,
leveraging what is available, and turning limitations into opportunities. Analyzing
operational fleet data can reveal both its advantages and challenges. Many researchers
and data scientists in the aviation field aspire to work with real-life data, drawn by
its inherent fascination and the opportunity to examine actual flights conducted by
professional pilots in genuine aircraft. However, the challenges associated with
these data are significant, as crucial signals for analysis are often not recorded or
are logged at insufficient frequencies. This research project aimed to explore the
extent to which insights could be derived from sensors and information related to a
production aircraft without adding new sensors.

The second mantra of my PhD project has been "Less is more". I have always
felt represented by this phrase and I have completely embraced it in my PhD journey
by keeping things simple and adding complexity only when needed. This idea is
represented in the KISS approach: Keep it simple, stupid!, first adopted by the United
States Navy and then formalized as a coding best practice. In a world where AI is
used everywhere also when it is not needed, I believe it is a tool and not a solution.
One may be surprised that the core of the presented framework is not developed
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with complex Deep Learning (DL) pipelines. We chose to stick to the ground and
provide a solution without the need of adopting complex, non-explainable, hardly
transferrable architecture in spite of the "As simple as possible, as complex as
necessary" principle. Again, less is indeed more.

The third phrase is "Done is better than perfect because perfect never gets done".
As an engineer, I consistently strive for the best possible solution. However, I
have come to understand that perfection is often unattainable. At some point, it is
necessary to establish a boundary, finalize what has been accomplished, and move
forward. Although the solution at hand may not be the ideal one, it is the result we
have achieved, and we must place our trust in it and proceed.

This journey provided me with a hybrid set of competences. In fact, in PHM
projects, it is common to delineate the roles of the Subject Matter Expert (SME) and
the Data Scientist. The SME typically holds expertise in the system and process
industrial knowledge, while the data scientist focuses primarily on data manipulation
and mining activities. A strong collaboration between these two roles is essential,
as the integration of domain knowledge with data is crucial for the success of a
PHM project. In this particular project, however, the roles are more intertwined. My
background as an aerospace engineer specialized in aircraft systems positions me as
the SME, while I also engage in data manipulation and processing. Consequently,
I find myself serving both as the SME and the data scientist in this project. This
unique situation poses me a privileged perspective and provides me with hybrid
competencies in both domains.

Finally, once one starts working seriously with data, the phrase “Garbage in –
Garbage out” becomes more meaningful every day. In the context of this work, I
would rephrase it as: “A PHM framework is only as good as the quality and relevance
of the data it is built on.” Often, equipment-level PHM systems are developed on
equipment-level data. This consideration, which may seem trivial, actually hides
a central pillar: diagnosis and prognosis can only be performed if the health status
of the system is, at least in part, observable. This requirement is often intrinsically
satisfied, since the most direct way to monitor equipment health is to measure its
signals. However, this is not the case addressed in this thesis, which focuses instead
on deriving condition insights for aerospace components using data available at the
aircraft level.
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These considerations connect directly to the question of how prepared the indus-
trial sector really is to embrace PHM. On the one hand, vertical organisation of data
and responsibilities – with information siloed by system, department, or supplier
– often prevents the integration needed to reconstruct a coherent picture of asset
health. On the other hand, horizontal organisation across the asset lifecycle – from
design to operation, maintenance, and decommissioning, and across different fleets
and operators – is still far from fully realised. PHM thrives when these vertical and
horizontal dimensions are aligned: when data can flow securely and meaningfully
between actors, when models can be updated with feedback from the field, and
when operational decisions can be informed by a shared, consistent view of risk and
degradation.

This thesis was written with that future in mind. It reflects both the enormous
potential of PHM and its very concrete limitations: incomplete observability, frag-
mented data, legacy systems, and organisational inertia. At the same time, it shows
that, even under these constraints, it is possible to extract value from operational
data, design robust frameworks, and move a step closer to condition-based and
risk-informed decisions. Looking ahead, I am convinced that PHM will increasingly
become a cornerstone of industrial asset management, not as a stand-alone “add-
on”, but as an integral part of how systems are designed, certified, operated, and
maintained. The hope behind this work is that the methods, lessons, and reflections
presented here can contribute, even in a small way, to that transition, helping future
engineers and practitioners navigate both the possibilities and the limitations of PHM
with clarity, realism, and ambition.
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Chapter 1

Introduction

1.1 Introductory Statements and Research Aim

Over the past decade, industrial maintenance has undergone a structural transforma-
tion. The combination of enhanced sensing and increased computational capabilities
combined with widespread connectivity is progressively shifting maintenance from
reactive and schedule-driven practices towards data-enabled, condition-based and
prognostics-oriented strategies.

Within this context, Prognostics and Health Management (PHM) has emerged as
a key paradigm for exploiting operational data to assess asset health, predict future
degradation, and support maintenance decision-making. However, the practical
deployment of PHM in aviation is still uneven. Although modern systems and
engines are often designed with health monitoring in mind, many operational fleets
consist of legacy platforms and systems whose design did not anticipate data-driven
PHM. Flight control actuators, and in particular electro-hydraulic actuators (EHAs),
represent a prominent example: they are mission-critical components, subject to
complex loads and failure modes, yet their in-service monitoring is frequently limited
to basic Built-In Test Equipment (BITE) and fault logging.

The work presented in this thesis is situated precisely at this interface between
PHM theory and industrial deployment for legacy aerospace systems. It focuses on
an operational fleet of Advanced Jet Trainers (AJTs) and on a specific component of
their Flight Control System (FCS): the electro-hydraulic actuator of the horizontal
tailplane. The fleet operates under demanding usage profiles and stringent safety
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and availability requirements, while maintenance is governed by existing standards,
regulatory constraints, and cost considerations. At the same time, a wealth of
heterogeneous data – including Health and Usage Monitoring System (HUMS) flight
data, flight hours, equipment registers, and unscheduled removal logs – is already
available, albeit not yet systematically exploited for prognostics.

The overarching aim of the research is to design a PHM framework that can
leverage these existing data sources to provide probabilistic health information and
actionable maintenance support for the selected actuator, without requiring intrusive
hardware modifications or disruptive changes to current maintenance practices. The
approach is deliberately conservative: rather than pursuing complex black-box
models detached from operational constraints, the work seeks to build a coherent
chain that starts from the data actually collected in the fleet, extracts physically
interpretable indicators of usage and degradation, and translates them into predictions
and decision-oriented metrics that can be integrated into the operator’s processes.

More specifically, the thesis is articulated into the following research objectives,
organized into Work Packages (WP) (Figure 1.1):

• WP1 – Context and requirements. To characterize the industrial and oper-
ational context in which PHM for flight control actuators operate, including
Industry 4.0 trends and state-of-the-art solutions. This work package has been
accomplished with the journal paper [3] and the conference proceedings paper
[4].

• WP2 – PHM functional architecture. To define a functional PHM architec-
ture tailored to the selected case study, structured into clear layers for data
management, data processing, and health management, and compatible with
legacy fleets and existing HUMS infrastructure. This work package has been
accomplished with the journal paper [1].

• WP3 – Data management and ETL. To develop a scalable data manage-
ment and ETL workflow capable of ingesting, cleaning, and harmonizing
heterogeneous sources (HUMS LOAD files, equipment registers, maintenance
documentation) into a consistent data model suitable for analysis. This work
package has been accomplished with the conference proceedings [5].

• WP4 – Degradation indicators. To engineer and validate degradation-
sensitive features and flight-level indicators that capture the relationship be-
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Fig. 1.1 Research objectives and work packages.

tween operational usage and actuator stress while remaining interpretable
for domain experts. This work package has been accomplished with the
conference proceedings [5, 6].

• WP5 – Mission Clustering and Probabilistic health prediction. To con-
struct probabilistic health prediction models that exploit these features to
estimate remaining life or risk proxies for the actuator, explicitly accounting
for future mission profiles and fleet heterogeneity. This work package has
been accomplished with the conference proceedings paper [7], which received
a best paper award.

• WP6 – Decision support and maintenance strategies. To propose decision-
oriented metrics and maintenance strategies, in both the short–mid term and the
long term, that translate prognostic outputs into recommendations compatible
with the operator’s cost structure, operational constraints and risk posture. This
work package has been briefly approached in the journal paper [1] and better
expressed in the body of this thesis and future publications.

In line with this aim, the thesis is organized as follows. Chapter 1 sets the stage
by introducing the broader industrial context (Industry 4.0 and aviation), clarifying
what PHM is meant by and how it is implemented in practice, and discussing key
change drivers such as costs, maintenance taxonomies, the regulatory framework,
and existing standards. Then it reviews the relevant literature, provides a concise
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overview of flight controls and EHAs, and describes the selected AJT case study and
its Flight Control System.

Chapter 2 develops the rationale for the project and presents the overall workflow
adopted in the thesis, explaining the reasons for the selected PHM strategy and how
the different modules interact. Chapter 3 formalizes the PHM functional architecture,
structured into three layers: (i) Data Management, ETL and Pre-Processing, (ii) Data
Processing, Features and Prognosis, and (iii) Health Management, Strategies and
Support.

Chapters 4 to 6 then implement these layers in detail. Chapter 4 describes
the Layer 1 modules devoted to data acquisition and pre-processing, including the
handling of HUMS LOAD files, equipment registers, and technical documentation.
Chapter 5 addresses Layer 2, covering feature engineering, flight clustering, prob-
abilistic health predictions, and the computation of probability-of-failure and risk
metrics, together with a critical discussion of performance and limitations. Chapter
6 focuses on Layer 3, where prognostic results are embedded in short- to mid-term
and long-term maintenance methodologies, illustrating how the proposed framework
can support health management decisions. Finally, Chapter 7 summarizes the main
findings, discusses their implications, and outlines directions for future work.

This research has been carried out within an industrial PhD programme in collab-
oration with Leonardo S.p.A. and is co-funded by the company in the framework of
the Italian National Recovery and Resilience Plan (PNRR), which implements the
European Union’s NextGenerationEU initiative to foster digitization, innovation and
research. This context has strongly influenced the orientation of the work towards
solutions that are not only methodologically rigorous but also realistically deployable
and aligned with the strategic objectives of both the industrial partner and the wider
European effort to modernize and digitalize critical infrastructures.

1.2 Industry 4.0 and Aviation

Maintenance can be defined as:

“The process of ensuring that a system continually performs its intended functions
at its original level of reliability and safety” [8]
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“Any one or combination of overhaul, repair, inspection, replacement, modification
or defect rectification of an aircraft or component” [9]

As the global aircraft industry continues to evolve, the maintenance sector stands
right at the crossroad of opportunity and challenge.
The opportunity of providing customers with cutting edge and integrated digital
threads and the challenge of data set quality and integrity.
The opportunity of forestalling equipment health status and down times and the
challenge of dealing with siloed and unsystematic data management.
The opportunity of enhanced fleet availability and readiness and the challenge of
conceiving cost-effective and dependable actionable data-driven strategies.

In an era where data drives decisions, the convergence of technology and data
analytics is reshaping how we approach asset management and system monitoring.
Our society is becoming increasingly more data-centric and every new system or
equipment around us is being designed to log and save operational data which can
be used to improve usability and operation. However, it must not be forgotten
that does exist a wide range of already operational in-service systems which were
designed when the idea of using data to enhance the platform operability was still
not consolidated. All these systems and platforms can be brought on-line to leverage
the benefits of data driven operative optimization if forward looking projects are
approached.

The concepts of Industry 4.0 and the paradigm of Industrial Internet of Things
(IIoT) are driving the industrial sector towards an ever increasing system digitization
and sensorization. As a result, more and more data are saved and can provide useful
insights into machine operations and potential future malfunctions.
A possible outcome of data analytics integration into management decision-making
stands in the development of intelligent and adaptive maintenance strategies which
can support the equipment only when needed, thus optimizing availability and safety
[10].

A wide range of research papers, technical reports, and business insights [11]
is showing that the rapidly evolving aircraft Maintenance, Repair, and Overhaul
(MRO) sector is a field that will be subject to revolutionizing technologies in the
next decades. The advent of Industry 4.0 has shown the enormous value of data as a
tool to better understand the behavior of equipment and has placed data itself as the
center of a new era. In fact, if data have been obviously already incorporated in the
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design, engineering and manufacturing stages of an aircraft life cycle, not the same
can be said for the operating and service phase. A 2020 report from the consulting
firm ICF [12] shows that while the integration of a digital thread in the first phases
of design and manufacturing has reached a maturity level of more than 85 per cent,
the integration of data driven solutions for the operation and service phases is as low
as 30-40 per cent, revealing a consistent gap in how data can be exploited.

This direction is also reflected in Leonardo’s Industrial Plan update (2025–2029),
which explicitly positions digitalization as a core enabler of competitiveness [13]. In
parallel, Leonardo frames the transformation toward multi-domain operations as the
evolution from domain-specific solutions to an integrated approach, where digitaliza-
tion and cyber protection by-design constitute the connecting thread across products,
systems, and processes [14]. Together, these strategic elements motivate the adoption
of data-centric architectures and service-oriented solutions, coherently aligning with
the Industry 4.0/IIoT paradigm and the development of digitally enabled, adaptive
MRO practices.

The direction of bringing asset online and the creation of a digital continuum
which could enable a data centered MRO is currently a hot topic in the aviation
service providers community. According to a 2019 Cap Gemini survey conducted
among aircraft operators [12] on "Digital Aviation in MRO", 87.4 per cent of the
respondents expressed that their existing MRO IT solutions need to be improved.
In contrast, the report also indicated that 76.9 per cent of the aircraft operators
surveyed recognized the potential value that could be derived if Original Equipment
Manufacturers (OEMs) were to address and bridge digital thread gaps. In addition,
Al-Kaabi et al. [15] states that essential MRO activities, such as line Maintenance, are
typically managed in-house, whereas activities with lower demand at the airline level,
such as equipment maintenance, are often outsourced, underscoring the importance
of a solid ground base on which to build a data framework. In essence, OEMs are
viewed as essential entities in providing a digital thread solution and closing the
existing digital thread gap.

1.3 PHM: What, Where, and How

Prognostics and Health Management (PHM) is a discipline that involves the moni-
toring of asset data and condition to predict and prevent potential failures. Taking
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inspiration from space oriented technologies developed in the mid-1990s, PHM
technology has been first introduced in the early 2000s along with the development
of the JSF Autonomous Logistics Integrated System (ALIS) [16, 17]. In this regard,
PHM strategies were promptly identified as the primary enabling technologies for
the development of enlightened maintenance frameworks. Since then, the PHM dis-
cipline has been applied to a wide range of engineering sectors, once again proving
the solid and robust foundation and idea of the JSF project. In more than 20 years,
PHM strategies flourished and their applications sparked interest not only within the
development of new products but also in view of applying PHM principles to already
operational legacy assets.

PHM is often described using the notion of functional layers. Many studies
identify three main layers that, once combined, form the core of PHM methodologies:
the diagnosis layer, the prognosis layer, and the health management layer [18]. The
diagnostic layer is responsible for the tasks of detecting, isolating, and quantifying
faults or failures within the system. This layer plays an important role in the
early identification of issues, allowing timely interventions that can prevent further
complications. The overall process is often referred to Failure (or Fault) Detection
and Identification (FDI). In this sense, it is important to clarify the meaning of the
terms fault and failure. In the context of this thesis, as often accepted in the PHM
community, a fault is intended as a malfunction, which, however, does not preclude
the overall functioning of the system. However, a fault can become a failure if it is
not addressed in time in the so-called fault-to-failure process. As a result, a failure
does affects the operation and safety of the system.

Once a fault is identified, the prognostic layer is dedicated to assessing the perfor-
mance and integrity of the system and predicting its Remaining Useful Life (RUL).
By analyzing various parameters and historical data, this layer provides insight into
how long the system can continue to operate effectively before maintenance or re-
placement is necessary. Finally, the health management layer utilizes the information
gathered from both the diagnostic and prognostic layers to optimize overall asset
operations and mission readiness in various ways, ultimately streamlining processes
and reducing costs: maintenance optimization, spare parts management, etc.

The creation of enlightened and forward-thinking maintenance strategies goes
hand in hand with the development of PHM strategies. PHM can transform traditional
maintenance practices by implementing a proactive framework that fosters more
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reliable and cost-effective management of critical systems. In this sense, PHM is an
essential foundation upon which innovative maintenance strategies can be based.

1.3.1 HUMS as a PHM Enabler

Aircraft, as many other complex systems, are nowadays equipped with logging and
monitoring systems which provide enhanced diagnostics and monitoring capabilities.
The name of the system may vary according to the specific platform or proprietary
names; however, one of the first systems developed for these purposes is called
Health Usage Monitoring System (HUMS). A non exhaustive list of the possible
systems is here reported. There are several alternatives, each offering unique capabil-
ities for monitoring and analyzing aircraft health: Aircraft Health Monitoring (AHM)
[19], Aircraft Condition Monitoring Systems (ACMS) [20], Vehicle Health Moni-
toring Systems (VHMS) [21], Integrated Vehicle Health Management (IVHM) [22],
etc. The name, design and specific applications of HUMS-like systems may vary
drastically between applications, but the underlying principle remains unchanged:
collecting and analyzing data from various aircraft components and systems to assess
their health condition. These systems can include software-based solutions that
monitor sensors all around the aircraft, capturing thousands of parameters from mul-
tiple sensors, allowing operators to customize their data acquisition. These systems
prioritize the ability to monitor conditions and identify possible anomalies, faults, or
failures. In the 1990s, HUMSs were developed initially for rotary wing applications
where vibration monitoring is of central importance for the health of the gearbox,
mechanical transmission, and components in general [23]. As years passed, HUMSs
began to be employed in several contexts as they demonstrated their potential to
detect faults, improve safety, and increase availability by reducing unexpected down-
times [24]. HUMS (or analogous) systems can be viewed as a ground base to design
PHM applications in legacy aircraft, since they provide the data acquisition and
logging module [25]. For instance, data from a HUMS are used in the development
of maintainability improvement processes for Electro-Mechanical Actuators (EMAs)
in [26].

More often than not, when dealing with in-service platforms, PHM system
designers are faced with the challenge of working with a system that, despite being
envisioned to perform similar tasks, is not conceived for PHM. In other words, data
sampling, sensors, and logging rate are often optimized for basic diagnostic tasks
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in an already outdated and old-fashioned system [25]. Nevertheless, HUMS are
often the only source of time-series data available for the development of PHM
frameworks. Kappas and Frith in [25] addressed the exact challenge of trying
to connect the dots between HUMS and PHM and highlighting the evolution of
HUMS from basic data acquisition systems, primarily hardware-focused, to more
sophisticated, software-driven integrated health management systems.

1.4 Change Drivers: Costs

The effort of aerospace industry stakeholders towards the development of integrated
data solutions is supported by the magnitude and direction of overall economic
trends, since the market size for the aerospace MRO sector is estimated at USD
127.98 billion USD in 2024 [27]. The sole military MRO sector is valued at around
37 billion USD in 2024 with a Coumpound Aggregated Growth Rate (CAGR) of
2.84 per cent in the years 2024-2033 [28]. The Military Aviation Market size alone is
estimated at 55.63 billion USD in 2024, and is expected to reach 75.52 billion USD
by 2030, growing at a CAGR of 5.23 per cent during the forecast period (2024-2030)
[29]. The market outlook for the next ten years is positive, also because the military
MRO sector has not been deeply influenced by the COVID-19 crisis, unlike its civil
counterpart and recent news highlighted the plan to invest more in defense sectors.
Demand is influenced by an expanding and/or aging military fleet and, on the other
hand, by shrinking defense budgets [30]. These drivers guarantee a steady growth as
defense administrations are keen to maximize the value and lifespan of their assets.
With a positive market outlook and a wide range of business opportunities, the desire
to streamline processes and reduce costs is of paramount importance. In fact, MRO
optimizations could drive the change by reducing a big slice of aircraft related costs.

From a life-cycle cost perspective, aircraft-related costs are commonly organized
into broad categories that reflect the main phases of system acquisition, operation,
and end-of-life management. In earlier literature, the discussion was often centered
on the three major categories of (i) Research, Development, Test and Evaluation
(RDT&E), (ii) Procurement, and (iii) Operations and Support (O&S), with the
latter also often referred to as Operations and Maintenance (O&M) [31]. In more
recent cost-estimating frameworks, disposal is explicitly identified as an additional
life-cycle cost category, reflecting a more complete Life Cycle Assessment (LCA)
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perspective [32]. In practice, however, disposal costs are typically far lower than the
other categories, and the first three remain the dominant contributors to the overall
life-cycle cost [32].

For many years, cost analysts have been focusing mainly on the first two cat-
egories and did not consider the impact of O&S costs. However, the practical
importance of accurate O&S estimates is manifesting itself in programmatic deci-
sions and it is becoming day to day more important for decision makers [33] and for
the allocation of long-term maintenance budgets. Especially in the aerospace sector,
operating costs have become increasingly dominant within the overall life-cycle cost
structure, highlighting the need for innovative and forward-looking projects that
specifically target these expenditures in order to improve the economic sustainability
of aircraft operations. Historically, this observation has often been summarized by
the so-called “70:30 rule”, which describes the approximate ratio between Operations
and Support (O&S) costs and the combined costs of Research, Development, Test
and Evaluation (RDT&E) and procurement. This rule was already highlighted in
the late 1990s and provided a useful benchmark for cost estimations in the defense
aerospace sector [31]. The concept has since been widely referenced in policy docu-
ments and strategic analyses (e.g., reports from the U.S. Government Accountability
Office), emphasizing how the majority of a platform’s life-cycle cost is incurred after
the system enters service, rather than during its development and acquisition phases
[34]. Subsequent studies have refined this rule, suggesting that the proportion of
O&S costs may be slightly lower—often closer to 60% of the total Life Cycle Cost
(LCC) rather than 70%—depending on the platform type and operational context
[35]. Nevertheless, the underlying principle remains robust: O&S costs represent
the dominant share of life-cycle expenditures for most complex engineered systems,
particularly in the aerospace domain. Recent analyses confirm these trends. The 2025
Operating and Support Cost-Estimating Guide published by the U.S. Department
of Defense provides updated empirical evidence across several classes of defense
systems [32]. Fixed-wing aircraft, rotary-wing aircraft, and UAV platforms exhibit
O&S shares ranging approximately between 58% and 66% of total life-cycle cost,
reinforcing the central role of operational costs in aerospace programs.

An analysis of O&S costs reveals several noteworthy insights. A 2015 RAND
Corporation report highlights that, among the US Air Force and Navy Aircraft O&S
Cost in the FY 2010–2013, pure maintenance costs accounted for the 33 and 40 per
cent for USAF and USN respectively. A 2018 Air Force Institute of Technology
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(AFIT) study [34] showed that, for a fighter/attack category aircraft, the sum of
Unit Manpower, Unit Operations and Maintenance reaches an astonishing 87.42
per cent of all O&S costs (33.78, 17.68 & 35.96 respectively). Pure maintenance
costs are estimated around 35 per cent, in line with the aforementioned other reports.
In the civil sector, the magnitude of MRO is underscored by its representation
of approximately 12-15 percent of an airline’s O&S costs [36]. In 2013, annual
expenditures in this sector were estimated at US $ 50 billion [37], supporting the
employment of around 480,000 individuals globally [38].

In conclusion, if, on the one hand, the military MRO market shows promising
growth in the next year, fueled by the need to keep increasingly aging fleets available,
on the other hand, the need for cost-effective practices and optimized procedures in
aircraft operations drives the research towards advanced maintenance solutions. With
Aircraft-On-Ground hourly costs reaching several thousands of US dollars [39], high
platform availability is required. This once again underlines the economic benefits
that the integration of progressive maintenance activities would bring [40, 41]. It
is worth noting that a 2023 report from Market Research Future indicated that the
generic predictive maintenance market, which includes various industrial sectors
such as aerospace, was valued at USD 17.3 billion in 2021. The sole Predictive
Maintenance market industry alone is expected to increase from USD 21.83 billion
in 2022 to USD 111.30 billion by 2030, demonstrating a CAGR of 26.20% during
the forecast period of 2024 to 2030. In this complex and multifaceted environment,
a very promising approach is indeed represented by the adoption of enlightened
maintenance strategies, which promise to potentially change stable maintenance
paradigms and improve asset performance, availability, and safety by incorporating
asset usage data into maintenance decision making [42].
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1.5 Maintenance Taxonomy

Fig. 1.2 Graphical representation of the different Maintenance (MX) strategies in a Venn
diagram fashion

The realm of maintenance approaches is vast as an extensive range of definitions
has been created during the years: Reactive, Breakdown, Corrective, Run-to-failure,
Emergency, Descriptive, Diagnostic, Preventive, Preventative, Scheduled, Planned,
Time-based, Calendar-based, Periodic, Risk based, Reliability Centered, Usage-
Based, Predictive, Conditional, Condition-Based, Opportunistic, Prescriptive, En-
terprise, Lean, Total Productive or even Autonomous maintenance. A graphical
representation of the relationships and hierarchy between these maintenance ap-
proaches is reported in Figure 1.2 and adressed in the next paragraph. However,
maintenance strategies can be mainly divided into two broad categories: Reactive
maintenance and Proactive maintenance.

1. When Reactive maintenance is adopted, assets and equipment are allowed to
run until failure before maintenance is performed. Maintenance is conducted
only when equipment failure occurs and actions are triggered by failed equip-
ment tests, system malfunctions, faults/failures, etc. It is the "if it isn’t broken,
don’t fix it" approach. If this maintenance approach is selected, the focus of
maintenance actions is on restoring the equipment to its normal operating state
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as quickly as possible, rather than preventing it. The run-to-failure approach
is adopted for non safety-critical, disposable, durable, or non-maintainable,
low capitalization or low-cost assets that do not significantly impact aircraft
operations (e.g., as indicated in the aircraft Master Minimum Equipment List
(MMEL)). Reactive maintenance includes Breakdown maintenance, Corrective
maintenance, Run-to-failure maintenance and it occurs when the equipment
breaks down requiring a corrective action. It is the most basic kind of mainte-
nance and it may require an unscheduled maintenance action depending on
the importance of the broken equipment. In this way, reactive maintenance
includes the Descriptive or Diagnostic maintenance category as well, since
a fault or failure diagnosis or description is required to make the equipment
operational again. Emergency maintenance is another synonym of Reactive
maintenance which is carried out in emergency conditions and involves safety
critical or flight critical equipment.

2. Proactive maintenance involves performing maintenance tasks before any
major breakdowns or failures occur. Various criteria can trigger the need
for proactive maintenance activities, resulting in several types of proactive
maintenance strategies based on the different criteria. The term Proactive
maintenance often refers to a wide plethora of solutions which has evolved
over time to implement innovative maintenance approaches.

• Scheduled maintenance, Planned maintenance, Time-based maintenance,
Calendar-based maintenance, Periodic maintenance can be grouped in
the Preventive or Preventative maintenance category. In particular, the
intervals can be based on:

– time intervals

– calendar intervals

– cycles (Usage Based)

The maintenance planning can also be risk based maintenance or the
so called Reliability Centered maintenance (RCM). Despite being inno-
vative, these approaches are static and the maintenance plan does not
change during the aircraft life.

• On the other hand, Predictive maintenance, Conditional maintenance,
Condition-Based maintenance are custom based maintenance strategies
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which follow the aircraft life adapting to the condition of the asset being
monitored with some differences. Conditional or Condition-based main-
tenance is an approach based on the monitoring of the actual condition
of an asset to proactively decide what maintenance needs to be done
according to the actual state of the system. The objective of Condition-
based maintenance is to conduct maintenance activities based on the
current condition of the equipment, rather than adhering to a predeter-
mined schedule or addressing failures. The difference between Predictive
maintenance and Condition-based maintenance is shady and it can be
interpreted in various ways. Some scholars highlight how Predictive
maintenance is a step forward with respect to Condition-based main-
tenance since it tries to predict the future state of the system while
Condition-Based maintenance only detect abnormal behavior on moni-
tored data and without prognosis, as such, often the difference between
these two maintenance strategies is timing. However, the differences are
very subtle and the terms Condition-based maintenance and Predictive
maintenance are often used interchangeably in literature underscoring
an innovative maintenance strategies that aim to reduce down times
exploiting historical and operational monitoring data.

• Rising in predictive power, the next on the list is opportunistic main-
tenance. Opportunistic maintenance is a maintenance approach that
involves the strategic replacement of equipment items or components
during planned or unplanned system shutdowns. This approach leverages
the availability of maintenance resources already on site to optimize effi-
ciency. In other words, each asset stoppage can be seen as an opportunity
for preventive maintenance on other equipment and, by grouping up
maintenance tasks when the asset is already down, maintenance can be
effectively optimized.

• Then, prescriptive maintenance is a proactive maintenance strategy that
exploits asset monitoring data to determine and recommend required
maintenance actions on equipment, anticipate asset maintenance require-
ments thus providing information about how to delay or entirely delete
equipment impromptu failures.
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• Finally, if maintenance is seen as integrated into a higher level struc-
ture, we can talk about enterprise maintenance, lean maintenance, total
productive maintenance or even autonomous maintenance.

1.6 Regulatory framework

In the context of European civil aviation, airworthiness regulations are governed
by common rules established by the European Aviation Safety Agency, pursuant to
Regulation (EC) No 216/2008 of the European Parliament and of the Council. This
framework includes two key Implementing Rules: Commission Regulation (EU) No
748/2012, which pertains to initial airworthiness, and Commission Regulation (EU)
No 1321/2014, which addresses continuing airworthiness. These documents are
mandatory and must be adhered to by all civil aviation organizations and individuals
operating within Europe. European Civil Aviation Authorities (such as ENAC in
Italy) are required to implement these rules into their national regulations without
deviation.

For national sovereignty reasons, European Regulation (EC) No 216/2008 does
not pertain to products, parts, appliances, personnel, or organizations engaged in
military, customs, police, search and rescue, firefighting, coastguard, or similar
activities or services. These activities and services are governed solely by national
legislation and the responsibility rests entirely with the Member States. Nonetheless,
Member States are encouraged to ensure that these activities and services consider
the objectives of these regulations to the extent practicable. For instance, within
EASA countries, a civil MRO must be approved in accordance with EASA Part 145
contained in Regulation 1321/2014. However, this does not apply to military MROs.

As a result, participating Member States have established their own national sys-
tems for managing the airworthiness of military aircraft. To promote standardization
and coordination in this area, the European Military Airworthiness Requirements
(EMARs) are being developed. Specifically, the Military Airworthiness Authorities
(MAWA) Forum, with the support of the European Defense Agency (EDA), has
been established to create harmonized military airworthiness processes among its
participating Member States. This initiative will facilitate the development of a
unified set of EMARs, along with accompanying Acceptable Means of Compliance
(AMC) and Guidance Material (GM) that can be integrated into the national military
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airworthiness regulations of all participating Member States, drawing upon best prac-
tices from civil aviation regulations. The benefit of a stronger coherence between
Member States is of utmost importance for a variety of reasons: first of all, a better
platform interchangeability capabilities along with potential savings in terms of time,
cost, effort and better Pooling and Sharing opportunities in the development of new
platforms. In particular, the EMARs pertaining to Continuing Airworthiness are as
follows:

• EMAR M (comparable to EASA PART M): Outlines the necessary measures
to ensure the continued airworthiness of aircraft, along with the conditions
that must be fulfilled by individuals or organizations responsible for managing
ongoing airworthiness.

• EMAR 145 (comparable to EASA PART 145): Defines the criteria that orga-
nizations must satisfy to obtain or maintain approval for the maintenance of
aircraft and their components.

• EMAR 66 (comparable to EASA PART 66): Specifies the educational and
training requirements for personnel involved in aircraft maintenance.

• EMAR 147 (comparable to EASA PART 147): Details the standards that
organizations must meet to gain approval to conduct aircraft maintenance
training and examinations.

1.7 Existing Standards and Procedures

Literature studies show that, by design, a good PHM system should be fit for purpose,
Integrated, Robust, Reliable, Relevant, User Friendly, scaleable, and Cyber secure
[25]. Other sources, such as the work presented by Jardine et al. [18], provides a
higher perspective of a Condition-Based Maintenance (CBM) system, stating that
CBM requires three steps: Data Acquisition, Data Processing, and Maintenance
Decision Making as already mentioned in Section 1.3. These concise and abstract
phases can be further expanded in operational guidelines. To design a scalable, well-
thought and effective PHM system, a comprehensive review of key PHM standards
in the aerospace sector, as well as in other relevant fields, has been accurately studied
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[43]. As a result, numerous standards and guidelines available for the development
of PHM systems have been identified:

• ISO 17359:2018 "Condition monitoring and diagnostics of machines — Gen-
eral guidelines" [44]. This document provides guidelines for establishing a
condition monitoring program for machines and includes references to related
standards pertinent to this process.

• OSA-EAI [45]. The Open System Architecture for Enterprise Application
Integration (OSA-EAI) specification provides (i) an information exchange
standard to facilitate sharing asset registry, condition, maintenance, and relia-
bility data between enterprise systems, and (ii) a relational database model for
the storage of this asset information.

• ISO 13374:2003 "Condition monitoring and diagnostics of machines — Data
processing, communication, and presentation" [46]. This resource is more
focused on the information technology part and may provide useful indication
on the data and information management in a PHM enlightened perspective.

• ADS-79E-HDBK [47]. This document offers the privileged perspective of the
United States Army towards the development of CBM systems for US Army
aircraft.

• OSA-CBM. OSA-CBM was developed by, principally, an industry consortium
under the DUST (Dual Use Science and Technology) program and further
managed by the MIMOSA group [48], who acts as a repository for the standard.
The MIMOSA group is a non profit organization aimed at enhancing and
encouraging the adoption of open standards enabling physical asset life-cycle
management. This is more a recommended architecture specification rather
than a strict standard or procedure; nevertheless, it offers useful information
for transferring data and knowledge in a CBM system.

• SAE ARP 6883:2019 [49]. This Aerospace Recommended Practice (ARP)
developed by the Society of Automotive Engineers (SAE) provides information
on the development of IVHM strategies for complex systems.

In addition, it should be noted that MSG-3 (Maintenance Steering Group 3) is
the industry standard methodology developed over the years to define scheduled
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maintenance tasks and intervals for aircraft systems. Traditionally focused on
reliability and safety, MSG-3 provides a structured, logic-based framework to identify
preventive maintenance actions. In recent years, however, new developments have
aimed to extend and modernize MSG-3 to incorporate PHM concepts, enabling data-
driven and condition-based maintenance within the same decision logic. The SAE
IVHM Committee HM-1 is actively working towards this integration, developing
guidelines and standards to align IVHM methodologies with existing MSG-3 logic
and to support a gradual evolution toward predictive, evidence-based maintenance
programs.

These documents, along with the research group experience in managing similar
projects, have been crucial to conceiving an effective workflow, which will be
presented in Chapter 2.3.

1.8 Literature Review and Related Works

As stated in Section 1.3 the aerospace sector has been the first field where PHM
was applied and, since then, many aircraft subsystems have been the focus of
PHM research. However, hydraulically powered flight control systems have not yet
received the same interest as other subsystems, especially by using operational data.
In fact, while engines, batteries, landing gear brakes, and Environmental Control
Systems (ECS) have been addressed in several PHM studies [50–57], the FCS
still lacks a solid PHM base. Some studies focus on PHM for Electro Mechanical
Actuators (EMAs) following the paradigm shift of More Electric Aircraft (MEA)
[58, 59], but the literature panorama for EHA is scarce and scattered. This fact may
be explained from different points of view:

1. EMAs are projected to replace EHAs in the coming years. Consequently, many
research centers are directing their efforts toward PHM, anticipating it to be
the primary solution in the future. However, it is important to recognize that
EHAs are currently used in all commercial and military aircraft.

2. EMAs are extensively sensorized, while EHAs are often lacking in sensors.
The electric operation of EMAs facilitates the easier monitoring and recording
of performance signals. In contrast, EHAs pose challenges for sensor inte-
gration, as OEMs often prefer to avoid adding sensors to preserve actuator
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logistic reliability. Consequently, it is generally more straightforward to track
health indicators from EMAs, such as phase currents, compared to monitoring
signals from EHAs.

3. PHM was established at a time when EHAs were already widely adopted,
while EMAs are currently emerging as a technology for primary flight control
systems.

4. PHM is often proposed as a solution to support the adoption of EMAs in
safety critical applications (i.e., primary flight controls) because their overall
reliability is, at the current stage, not enough to permit their use for primary
flight controls. In this sense, PHM could be employed to back EMAs up for
their acceptance in flight critical domains. This is not the case for EHA, which
are extremely safe, rugged, time-tested and do not suffer from single points of
failure (unlike EMAs) [60, 61]. PHM for EHAs would not be implemented
to potentially support a certification phase but only to increase the platform
availability, improve readiness, reduce costs, and enhance the performance.

5. There is a consistent lack of publicly available EHAs data sets in operations
due to IP restrictions and proprietary policies.

These reasons explain the lack of a substantial body of literature involving PHM
strategies for EHAs, especially with operational data, even if PHM strategies in
general are mature and well known. An extensive Systematic Literature Review
(SLR) has been carried out to identify potential similar studies. The results of the
SLR have been explained in detail in a journal paper [3]. As already mentioned, the
results are scattered and scarce; however, they can be categorized based on three
main groups.

• Category 1: This category includes studies that utilize operational and fleet
data to evaluate the health status of various systems, although these systems
are not directly related to the specific case study (i.e., they do not study
EHAs). These studies often provide valuable information on general health
monitoring techniques that can be applied to different types of equipment that
have operational data available.

• Category 2: This category includes research that specifically targets EHAs
but relies on equipment-level data that are typically difficult to obtain in real-
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world operational settings. Such studies may involve the use of additional
sensors, controlled laboratory tests, or advanced modeling techniques to gather
comprehensive data on EHA performance. While these insights are impor-
tant for modeling specific EHA fault modes, behaviors, or degradations, the
methodologies in this group are hardly applicable to real-life data.

• Category 3: Publications in this category focus on the development of PHM
methodologies specifically for EHAs, utilizing both operational and fleet data.
These studies aim to create practical frameworks for monitoring and predicting
the health of EHAs in real-time scenarios.

Each group will be further analyzed in the next paragraphs.

Three studies focused on PHM using operational data that could be compared
with available data from the project. In the first category, two papers published in
connection with the 2014 PHM Society Data Challenge have explored a similar issue,
highlighting the challenges associated with sparse and fragmented data. Although the
equipment studied was not directly related to EHAs, the available data in an industrial
context shared certain similarities with that of the research approached in this thesis.
Rezvanizaniani et al. [62] emphasize the challenges of managing logistic and
operational data from various sources, proposing solutions grounded in probabilistic
risk assessments. Their strategy relies on statistical methods, utilizing the extensive
number of Unscheduled Removals (URs) and detailed part removal data present
in the dataset. In contrast, Kim et al. [63], while working with the same dataset,
adopted a completely different statistical approach based on an ensemble technique
that combines parts lifespan calculations with various usage classification methods.
Unfortunately, these methodologies developed are not directly applicable to our
research project because of the significantly lower volume of available data and the
lack of precise indications regarding failure modes. When examining the aerospace
sector, a Condition-Based Maintenance (CBM) framework applied to the propeller
and wheel brake assembly of a C-130J aircraft is discussed by Schoenmakers in
[64], using fleet and operational data. However, the results of applying several
methodologies were limited. This once again underscores a critical point: Collecting
more comprehensive data is essential to make reliable and informed decisions.
The need for robust data collection methods is paramount in improving predictive
maintenance strategies and ensuring the possibility of developing PHM strategies.
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Another perspective is given by the second group of studies, those that specifi-
cally focus on EHAs but use data that is often challenging or impossible to obtain
in real-world operational settings. Some of these approaches focus on the health of
the overall EHAs as a whole, while other studies provide results for specific failure
modes, specific components inside the EHAs (e.g. seals), or specific degradation
patterns. These studies offer a range of solutions albeit focused on individual compo-
nents. A non-exhaustive list of the major contributions is here reported. For instance,
Mi and Huang [65] and Byington et al. [66] have specifically addressed servo valves,
while Shanbhag et al. [67] conducted research on cylinders. Additionally, Bertolino
et al. [68] present methodologies for detecting leakages, and Chao et al. [69] focus
their studies on piston pumps. Bacci et al. [70] present a multi-physics model of a
faulty rod-end for EHAs, whereas Vianna and Malere [71] outline a methodology for
detecting hydraulic system leaks and providing service recommendations to mitigate
Aircraft On Ground (AOG) risks. Their strategy utilizes three onboard sensors-a
pressure transducer, a temperature transducer, and a quantity gage—whose data are
recorded in the Flight Data Recorder (FDR) for a fleet of EMBRAER regional jets.
Zong et al. [72] have created a real-time monitoring system for the actuator mecha-
nism of an aileron. This study is framed within Structural Health Monitoring (SHM)
strategies and emphasizes the comparison of dynamic responses between nominal
and non-nominal systems through the use of finite element software and simulations.
The studies reported above illustrate the significant body of research focused on
actuator components or specific failure modes, highlighting the extensive literature
available on this subject. These research works reveal a notable gap in addressing
PHM at the Electro-Hydraulic Actuator (EHA) level, which, to the authors’ best
knowledge, is approached by only a limited number of research groups. Research by
Liu et al. [73] discusses the predictions of performance degradation in EHAs using
advanced ML techniques, including the Elman neural network observer, support
vector regression (SVR), and the Gaussian Mixture Model (GMM). Additionally,
studies conducted by Soudbakhsh and Annaswamy [74], as well as findings from
Lu et al. [75], illustrate significant progress in fault detection methodologies and
health monitoring strategies. Kordestani et al. [76] introduced a modular hybrid
fault prognosis method that combines distributed neural networks with a recursive
Bayesian algorithm. Furthermore, Cui et al. [77] proposed a hybrid approach that
employs the Nonlinear Wiener Process (NWP) algorithm for the physics-based com-
ponents and a data-driven Echo-State Network (ESN) for the data-driven aspects.
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Numerous methodologies integrate an advanced data processing technique known
as Particle Filtering (PF), a Bayesian approach employed for fault detection and
Remaining Useful Life (RUL) estimation [78–80]. Particle filters (PFs) can be used
as the basis to build probabilistic failure prognostic algorithms that estimate the
future health state of a system based on degradation models and measurements
[78–80]. Specifically, prognostic algorithms based on PF monitor and predict the
system’s state of health by analyzing the probability density function of multiple
weighted samples, known as "particles," that evolve over time. The widespread
success of PFs can be attributed to their ability to incorporate uncertainty into the
estimation process, making them an optimal choice for providing estimates with
associated levels of uncertainty and for their effectiveness in handling nonlinear
and non-Gaussian distributed data. In the context of EHAs, PF has been utilized by
Mornacchi et al. [81] and Autin et al. [82]. Variations of PF have also been explored
by Guo and Sui [83], who implemented the Minimum Hellinger Distance technique
alongside PF applications for EHAs. Finally, Macaluso and Jacazio have explored
the extraction of relevant features during pre-flight checks and from in-flight data
to enhance monitoring capabilities [84]. Although not comprehensive, this analysis
offers a snapshot of the advancements and possibilities in PHM for specific failure
modes and specific EHA components. Although these works offer valuable informa-
tion, their applicability to existing legacy systems can be limited due to insufficient
monitoring of low-level subsystem data and the lack of recorded control signals
within the FCC loop. Once again, it is essential to note that these strategies require
actuator-level data to effectively assess the health status of the equipment. In this
context, it is important to recognize that a substantial number of studies concentrate
on test bench approaches and synthetic datasets or focus on monitoring specific fault
modes [84].

Lastly, only one record has been identified within the third category. Kannemans
and Jentink [85] focus on the flight control actuator of a HT in a fighter aircraft,
applying their methodology to data obtained from a Dutch Air Force F-16 Falcon
FACE measurement system [86]. This particular research is performed by the Dutch
PHM Consortium (DPC) and shares a lot of similarities with the thesis research
project, as in both studies the aim is the estimation of the actuator usage leveraging
operational data from a military jet. The main rationale is that the actuator rod
displacement and actuator force are directly linked to control surface deflection and
hinge moment. In this way, their research aimed to extract actuator usage information
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from hinge moment data via simulation and sensors already mounted on the aircraft
as well as some test sensors added on purpose. However, the results were somewhat
limited and there have been no further updates on the progress of this research
project. In addition, the data used in the context of this article are not available for
this research thesis. This highlights the challenges faced in utilizing operational data
for in-depth analysis of flight control systems.

In conclusion, the detailed literature review indicates a relatively limited body of
research in this area, underscoring the need for further investigation [3]. It should
be noted that this research gap is particularly pronounced given the critical role that
EHAs play in controlling primary flight control surfaces in all modern commercial
aircraft and the majority military aircraft. The lack of comprehensive studies is
especially striking considering the importance of these systems to aviation safety
and performance and justifies further research.

1.9 Flight Controls and Electro-Hydraulic Actuators

Aircraft are often seen as interconnected systems of systems, whose interactions are
essential for safe and reliable flight operations. The Flight Control System (FCS) is
one of the most critical ones, and its aim is to transmit flight control commands from
the cockpit or other sources, such as autopilots, to the appropriate actuators. This
system is crucial in creating the forces and torques that set the position, speed, and
attitude of the aircraft. To effectively move the aerodynamic surfaces and provide the
necessary forces and torques, the FCS relies on actuators such as EHAs or EMAs.

Flight controls are often divided into primary and secondary flight controls.

• Primary flight controls are critical for the safe operation of an aircraft and,
in a conventional configuration, include the ailerons, elevator (or stabilator),
and rudder. These controls are flight critical systems and they are essential to
control aircraft position, speed, and attitude.

• In contrast, secondary flight controls are employed to enhance performance
and reduce the pilot workload. They often include devices such as flaps,
slats, and trim systems. While losing secondary controls may complicate
flying, it does not put the control of the aircraft in jeopardy except in very
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specific asymmetry conditions. In some cases, slaps may also be employed
continuously during flight to provide additional controllability. In this case,
they are often called Leading Edge Flap Actuation Systems (LEFAS) and are
used, among other high performance aircraft, in the Advanced Jet Trainer
(AJT) under study, as better explained in Section 1.10.1.

• Finally, spoilers are flight control surfaces located on aircraft wing tip, serving
two primary functions: enhancing roll control and acting as speed brakes. As a
result, they can be classified as primary or secondary flight controls depending
on the actual intended and designed use.

Today, the main choice for primary flight control actuators falls on EHAs due
to their proved reliability, extreme ruggedness, and high power density. EHAs are
therefore integrated within the aircraft hydraulic system. It has to be noted that,
as already mentioned, in the last 20 years, a new paradigm is shifting the interest
towards EMAs which, in the future, could be employed in primary flight control
actuation systems. Currently, the substitution of EMAs in place of time-proven EHAs
is still restricted by reliability issues and lack of enough data to allow certification for
critical primary flight controls for safety [87]. As a result, to the best of the authors’
knowledge, EMAs are employed in primary flight controls only in Unmanned Aerial
Vehicles (UAV) or landing gear braking systems [88]. On the other hand, secondary
flight controls are already often powered by EMAs, since safety requirements are
less strict for this kind of flight controls.

This thesis is focusing on primary flight controls of a conventional aircraft and,
as a consequence, the focus is on EHAs. EHAs are sophisticated pieces of equipment
that are widely used not only in aerospace applications but also in various industrial
sectors because of their robustness, reliability, and high power density. In aerospace
contexts, where safety is dictated by many regulations, EHAs are typically configured
in an active-standby tandem fashion. This configuration allows the standby cylinder
to dampen external oscillations and vibrations, enhancing overall system stability
and intervene in case of a failure on the other actuator chamber.

Describing a generic architecture for EHAs can be challenging due to the ex-
tensive range of variants tailored for different applications. However, as noted by J.
C. Marè [89], several common elements are typically present in EHA systems for
primary flight controls. These include
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Fig. 1.3 A diagram of a FBW control loop.

• a servo valve that serves as the interface between hydraulic and electrical
systems

• a main jack

• control electronics

• sensors and transducers

The servo valve itself is the core of the EHA and it is often selected between three
main categories: Direct Drive Valves (DDVs), jet-pipe valves, or flapper-nozzle
valves, each with its own advantages and disadvantages. Then, according to the
aircraft category, mission, and size, the command from the pilot’s control stick to the
servo valve is transmitted through either a mechanical link or Fly-By-Wire (FBW)
technology.

The mechanical link involves a complex arrangement of pulleys and rods that
connect the control stick to the input interface of the servo valve. This cost-effective
and time-proven method is employed for smaller control surfaces where the distance
between the pilot and the aerodynamic surfaces is not too extended. However, for
commercial aviation aircraft or for platforms where high performance is required, a
mechanical transmission from the cockpit shows some limitations. In fact, higher
aerodynamic loads on surfaces lead to a higher hinge moment, which can become
unbearable for the pilot. Moreover, the responsiveness of the system can also suffer.
As a result, the shift towards heavier and faster platforms in the ’60 and ’70 led to
the introduction of FBW systems, where a low-power electronic signal generated by
pilot input transducers in the cockpit controls the servo valve via the Flight Control
Computer (FCC) [90, 91]. The FCC processes these signals and transmits them to
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the input connectors of the EHAs. Signals are brought to the main actuator block via
cables, which are much lighter than rod and pulleys and require considerably less
scheduled maintenance. The servo valve finally manages the hydraulic flow within
one of the two chambers of the hydraulic cylinder, hence controlling the position of
the jack [89, 92]. In fact, once received by the EHAs, the control signals are managed
by control electronics that include logic systems typically composed of transducers
(e.g. Linear or Rotary Variable Differential Transformers (LVDT/RVDT)) which
provide feedback on jack position to close the position control loop often employed
for primary flight controls. Additional internal control loops may monitor speed,
spool position, or current levels.

If the control reaches the actuator servo valve via low power electronic signals,
the hydraulic system provides hydraulic power and is connected with the servo
valve through a complex network of secondary valves (such as bypass, isolation,
and shut-off valves) along with additional components like accumulators and filters
that ensure continuous hydraulic power while providing essential safety features.
Moreover, some configurations incorporate additional sensors within the EHA body
itself to monitor and/or log parameters such as pressure levels, debris presence, metal
particle detection, and spool position. The information collected from these sensors
could be logged into a HUMS, which can represent a solid base for the development
of PHM solutions. A diagram of a FBW system is shown in Figure 1.3.

As mentioned above, the most commonly used types of EHAs include flapper-
nozzle, jet-pipe, and Direct-Drive Valves (DDV) powered EHAs [93]. In particular,
DDV controlled actuators are a specific type of actuators in which the spool is not
moved due to differential pressures created upstream by a previous stage but directly
by a Linear Force Motor (LFM) or solenoid [65]. This characteristic makes them
conceptually different from flapper-nozzle and jet-pipe controlled EHAs. On a DDV,
when an electrical command signal is applied, it generates a force that moves the
spool to one side or the other, creating a pressure differential. This movement allows
hydraulic fluid to flow to specific ports, which in turn controls the actuator’s motion.
In DDVs, the spools are engineered with even higher precision than other types of
valves, ensuring that even small movements result in immediate changes in flow and
actuator response. The presence of a LFM or solenoid eliminates the need for a pilot
stage, thus improving response and pressure-independent dynamics. In some models,
the spool is balanced by a balancing spring. A comprehensive discussion of EHA
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architectures and operating principles is provided by Marè [89] and is not repeated
here for brevity.

1.10 Selected Case Study

This thesis approaches the complex and challenging task of developing a PHM/CBM
framework tailored specifically for a case study in the aerospace field. The focus of
this research is on the flight control actuators employed in an Advanced Jet Trainer
(AJT) aircraft, a sophisticated platform built by Leonardo SpA designed to train
military pilots in their advanced stages of training (Figure 1.4). Among the various
components of this aircraft, the all-moving Horizontal Tail (HT) Electro-Hydraulic
Actuator (EHA) is selected for the analysis.

The PHM framework developed in this work aims to predict Unscheduled Re-
movals (URs) of the AJT HT EHA. This represents a clear distinction from much of
the PHM literature, where the main objective is typically the prediction of specific
actuator faults or failure modes. In the present industrial context, the primary interest
is instead to anticipate those conditions that may lead the actuator to generate a no-go
and therefore require its unscheduled removal, with direct consequences on asset
availability and overall fleet management. The problem is therefore addressed at a
higher system-management level, rather than at the level of isolated fault diagnosis.
Moreover, as discussed in Sections 4.2.2 and 4.2.2, tracing each UR back to a spe-
cific fault mode or removal cause was not possible because of the limited statistical
population, the presence of missing or incomplete information in the Equipment
Registers, and the lack of actuator-level signals needed for a more detailed diagnosis.
Consequently, the objective of the framework is to identify the likelihood of future
UR events as a whole, rather than to classify the specific reasons that caused the
unloading.

The selection of the HT EHA as a focal point for this thesis is driven by three
main factors: its critical role in maintaining aircraft control during flight operations,
its identification by Leonardo SpA as a potential pilot study equipment and the
research gap related to PHM framework for EHAs encountered in the literature. In
particular, this selection has been guided by in-house criticality and bad actor analy-
ses among various aircraft components, emphasizing its importance in enhancing
platform availability, reducing down-times, and streamlining maintenance processes.
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Fig. 1.4 The AJT under study [1].

Fig. 1.5 The case study involves the EHA used to control the AJT Horizontal Tail (HT).

In addition, the literature panorama involving the development of PHM framework
employing operational data for EHAs is definitely scattered and highlights a consis-
tent research gap that requires attention. In fact, while diagnostic strategies for EHAs
using system signals are well-documented [94], studies focusing on prognostics
remain limited as already demonstrated and discussed in Section 1.8. This work
seeks to bridge that gap by advancing innovative maintenance capabilities for EHAs.

The thesis will show how data collected from the aircraft can be integrated into
PHM maintenance strategies of a specific component. Using historical performance
data and real-time monitoring, the framework aims to enhance decision-making
processes related to maintenance scheduling and asset management.

Furthermore, this research will address the very challenges associated with
implementing PHM strategies in legacy systems. The ability to extract valuable
insights from existing datasets, often collected for different aims, will be a significant
aspect of this study. By focusing on the HT EHA, this thesis aims to contribute to
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the broader understanding of how advanced data analytics can optimize maintenance
practices in aviation, ultimately leading to improved efficiency in flight operations.

The AJT unders study is a modern twin-jet-engine, tandem-seat lead-in fighter
training platform that features advanced digital flight controls and avionics. The
launch customer for the AJT was Italy, which placed an order in 2009, whereas
currently, this AJT is already in service with several prominent air forces in the world.
The development of this AJT was driven by a comprehensive analysis of the training
requirements imposed by new combat aircraft. This analysis focused on factors
such as maneuverability, thrust, human-machine interface, and avionics. As a result,
the aircraft under study possesses a vast flight envelope, a high thrust-to-weight
ratio, and exceptional maneuverability even at high angles of attack. This makes
its handling characteristics optimal for training pilots whose final platform may
be the Eurofighter Typhoon or the Lockheed Martin F-35. Consequently, the AJT
under study is considered an ideal training platform to seamlessly transition to these
advanced combat aircraft.

1.10.1 AJT FCS

The AJT FCS is tasked with aircraft maneuverability and controllability. The FCS
operates as a full-authority, full-time, four-channel redundant digital fly-by-wire sys-
tem. The main interactions between the four FCS and other systems and subsystems
are shown in Figure 1.6. Starting from the top, the pilot commands on the pitch,
roll, and yaw axes are captured through a set of Pilot Input Transducers (PIT) and
passed to the FCS FCCs. Each FCC executes the aircraft control laws based on the
received analog, digital, and discrete inputs, subsequently generating the required
actuator commands for the control surfaces. These systems not only calculate the
necessary actions for the actuators but also incorporate an actuator servo loop control,
monitoring logic, warning and caution logic, Built-In Test (BIT) capabilities, input
monitoring logic, and aircraft state sensor interface processing. Additionally, all
operations conducted by an individual computer are subjected to cross-checking via
Cross Channel Data Links (CCDLs). The command is then passed to the relevant
actuation systems, which are powered by hydraulic and/or electric power provided
by the hydraulic and/or electric system. The change in the position of the surfaces
affects the flight dynamics. A loop back through the position feedback, an Attitude
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Fig. 1.6 AJT FCS architecture, elaborated starting from [2]

and Heading Reference System (AHRS), an Air Data System (ADS), and general
system configuration data close the loop with the FCCs.

The AJT is equipped with a state-of-the-art Fly-By-Wire (FBW) hydraulically
powered conventional suite of flight controls which provides excellent maneuverabil-
ity and flight qualities. For the longitudinal plane, the AJT employs the all-moving
HT and a set of LEFAS whose continuous movements enhance the longitudinal
maneuverability. The all-moving HT design integrates the functions of both the
stabilizer and the elevator into a single, cohesive moving surface, commonly referred
to as a stabilator. This advanced configuration allows for enhanced aerodynamic
performance and greater control. By merging these two critical components, the
stabilator not only simplifies the design but also reduces the overall aerodynamic
drag. Each stabilator is controlled by its own independent EHA, utilizing a tandem
DDV controlled actuator. This actuator is integrated with the aircraft main hydraulic
system via a dedicated control module. The design of this system ensures a high level
of redundancy, which is critical for maintaining operational safety and reliability.

Modern advanced aircraft, such as the AJT, utilize parametric data acquisition
and processing systems [22]. In the case of the AJT, this system is called Health and
Usage Monitoring System (HUMS). These systems are designed to collect, store, and
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analyze flight data from various onboard sensors. Initially developed in the 1990s
for rotary-wing aircraft, HUMS are closely aligned with PHM and CBM principles.
Their primary role is to enable fault detection during or after flights by performing
preliminary analyses on raw sensor data. In this regard, HUMS can be seen as a
foundational PHM framework operating at a high level of abstraction.

HUMS are now standard across many aircraft platforms, with core functionalities
shared despite slight variations in their implementation. For example, the Royal
Netherlands Air Force (RNLAF) employs the F-16 Aircraft Condition Evaluation
(FACE) system in its F-16 fleet [86]. However, legacy systems often feature data
logging modules tailored to specific applications, which may not meet modern
standards. The AJT HUMS, for instance, was specifically designed to support
Structural Health Monitoring (SHM) and fatigue tracking [95–97].

Transitioning from HUMS to a fully integrated PHM system is not without
challenges. Common limitations include inconsistent or low sampling rates, missing
data, and limited sensor coverage—problems also noted by Kappas and Frith in their
analysis of HUMS systems [25]. These challenges highlight the complexities in-
volved in adapting existing systems for advanced PHM applications. This thesis aims
to address these challenges by developing a PHM system that leverages operational
data to predict equipment health.



Chapter 2

Project Rationale and Workflow

2.1 Rationale for the Selected PHM Strategy

The proposed PHM system is distinguished by several key properties: it is data-
driven, scalable, robust, grounded, and transferable. Furthermore, it utilizes aircraft-
level data and is designed to be "as simple as possible and as complex as necessary".

Developing a PHM system from scratch is a very challenging project, let alone if
the selected equipment is a legacy system loaded onto an operational platform [98].
To establish a robust, reliable and scalable system, a fully data-driven approach has
been selected and adopted. Given the specific research questions addressed in this
thesis, and without loss of generality, this decision is influenced by various factors,
including the availability of design data, data quality, access to operational flight
records, and the commitment to design the PHM system grounded on operational
data. Additional complexity is added only where and whether necessary. This aligns
with the adherence to the "Less is more" philosophy.

Many literature records show that, more often than not, a hybrid PHM approach
is the winning one, combining the customized data driven part with the generalization
ability of the model base section. This consideration is indeed true and is backed up
by several studies. However, a "one size fits all" solution is a privilege that the PHM
research area cannot afford to adopt. Developing a model for the EHA itself could
have been possible, but the low and variable data sampling rate and the absence
of the input command of the actuator would have made the practical integration
of the model in the PHM scheme hardly applicable. Moreover, model design and
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validation data are lacking. Hybrid PHM is indeed the best solution, but only when
it is possible and affordable to build a model.

The fully data driven approach has been conceived to work on the data available
from a production aircraft in the way that this system could be switched onto every
aircraft of every fleet without any change or retrofit. In the era of AI and machine
learning (ML), a often sought-after property of a data-based methodology is the
scalability and transferability of the solution. One of the benefits of the provided
solution is the potential transferability to other equipment, systems, or even platform
logging data in time series format. The selected approach is indeed an across
system solution to an equipment problem. The added value of this decision must
not be overlooked: the potential to bring assets on the PHM journey only with the
integration of existing data represents a significant enhancement to the project. Many
PHM works require the implementation of additional sensors on the asset being
monitored or a change in some operative procedure. We chose to stay grounded and
propose a scalable and modular solution that could be easily integrated with other
fleets and platforms.

Often, equipment level PHM systems are built on equipment level data. This
consideration may seem obvious, but it masks the idea that, in order to track down
the health status of a system, there is the necessity of monitoring the equipment first.
In laboratory conditions or in modeling framework this is easy, but working on legacy
equipment means that "you have to do the best with what you have". In the case of
this thesis, no equipment level signal was available except from the actuator position,
obtained by the FCC and logged in the on-board HUMS system. This consideration
opens up a completely new set of challenges since, apart from the actuator position,
all the other signals are aircraft level signals. In this thesis, aircraft-level signals are
measurements available at the aircraft platform level (i.e., recorded by aircraft-wide
monitoring/avionics systems) and not tied to a specific subsystem or component.
In other words, the project involves tracking down equipment level health status
leveraging aircraft level data.

Finally, as already stated, this framework targets the prediction of URs of the
AJT HT EHA, rather than the diagnosis of specific actuator fault modes or failure
mechanisms. The objective is to anticipate those conditions that may lead to a
no-go and consequently to an unscheduled unloading, since these events have a
direct impact on aircraft availability and fleet management. The classification of the
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exact underlying removal cause could not addressed, because the available data do
not support a reliable fault-level analysis: the statistical population is limited, the
Equipment Registers contain missing or incomplete information, and the actuator-
level signals required to trace each UR back to a specific fault mode are not available.
Further details on the fault modes are addressed in Section 4.2.2.

Building upon these insights, the next chapter will expand these principles into a
robust and modular strategy that could handle sparse industrial data, such as those in
the available dataset.

2.2 Strategy Overview

This section offers a concise overview of the proposed strategy, which will be
elaborated upon in greater detail in the subsequent section. Building on the previous
discussion of the rationale of the design, the selected strategy employs the first four
statistical moments—mean, variance, skewness, and kurtosis—to analyze the asset
signals collected after each flight. The statistical moments summarize the behavior
of the signals during each flight, enabling a monitoring of asset performance over
time. This approach condenses the behavior of each flight into a set of manageable
parameters, serving as a data concentration technique. Moreover, the system needs to
be robust to handle relatively low data quality and to exploit maximum information
from sparse data.

The trends of these statistical moments are then transformed into cumulative
features that represent the usage of the equipment. These cumulative features are
ranked based on their correlation with URs by creating a probability distribution of
the magnitude increase of cumulative features between two URs. This ranking serves
two purposes: it identifies the most informative cumulative features in a clear and
traceable manner and establishes a threshold distribution for future predictions. Since
the distribution of magnitude changes between URs is now known, it becomes possi-
ble to compare trends with the threshold distribution to determine if the predicted
values fall within that range and assign an UR risk.

Once the most influential cumulative features are identified, they can be projected
into the future using Monte Carlo simulations. These simulations rely on a sequence
of Clustered Mission Types (CMTs) identified through clustering analysis of altitude
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records from a subset of flights, which revealed 100 clusters of similar flights.
Understanding this cluster distribution allows one to predict future flight sequences
by selecting clusters from this distribution in an informed way. Nevertheless, it
allows to predict the future equipment usage for a specific set of mission by setting
customized CMT future sequences.

After projecting the cumulative features into the future with associated proba-
bilities, their values can be compared against the previously established threshold
probabilities. Custom formulas can then be used to calculate the Probability of
Failure (PoF) and assess risk trends by comparing these probabilities with the thresh-
old distribution. The resulting risk trend, which ranges from 0 to 100, provides
actionable insights that can enhance decision-making and improve fleet operations
from a short- to mid- and long-term perspective.

2.3 Workflow

The adopted workflow has been inspired by the standards and practices reported in
Section 1.7, influenced by similar literature studies, and refined to match the specific
characteristics of the case study.

Fig. 2.1 Project workflow, ad inspired by literature similar PHM projects and experiences

The research work has been divided into 5 main steps. The first step marked the
knowledge acquisition phase. This step is crucial as it involved the choice of the
aircraft and case study and the overall understanding of the domain. The case study,
the AJT HT EHA, has been selected by Leonardo SpA considering the improvement
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of the Mean Time Between Unscheduled Removal (MTBUR) of the equipment and
the scientific relevance of the topic, as already exposed in Section 1.10. In PHM
projects, it is customary to divide the competences of the SME and the data scientist.
However, in the context of this project, the two roles are intertwined. That is why
a central step of the project involved getting acquainted with the platform and the
system under study. This involved daily interactions with contact points in industry
units. Operative support, logistic engineering, SHM, FCS, and quality units have
contributed significantly to obtain useful information and documentation. After the
identification of the Part Number (PN) and Serial Number (SN) list, in this phase,
technical documentation and publication involving the platform and the system have
been analyzed to conceive a possible strategy and trying to understand the possible
path. A particularly relevant step has been the feedback received from maintenance
technicians and ground personnel working every day with the aircraft. A specific
literature review on the topic has been carried out and then constantly updated
throughout the three years to establish the state-of-the-art and catalog the records
[3]. The review results have already been reported in Section 1.8 and underscore
a scattered and scarce literature base with mostly component level contributions
mainly leveraging laboratory or synthetically simulated data. This first phase helped
to better identify possible solutions and strategies, as well as to understand data
sources and operative procedures. The identification of data sources required an
extensive effort in the direction of finding the possible data in very unit and database
and concludes this first step.

The second phase regarded data collection and handling. After having identified
all useful data sources in the first step, in this phase, data had to be gathered,
collected, and organized. In addition, the data lineage has been reconstructed for
the specific PN under investigation. Data lineage can be defined as the detailed
tracking of data journey throughout their life-cycle, with the aim of understanding
and monitoring data flows from origin to final destination. By mapping how data
are created, processed, and used, it is possible to highlight any possible data hole
or missing sources to provide better insight. The data sources identified in step 1
included a wide variety of formats, types, and quantity of data. More often than
not, data quality can be an issue when dealing with operational real-life data as data
can be corrupted, filled with data recording errors, saved in non coherent formats,
etc. Data are transcribed by hand or the data transfer is carried out offline and in
a non synchronized way. Furthermore, data involving the same asset but saved
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in different databases may be incoherent due to data saving settings. This is why
reconstruction of a coherent data flow has been pivotal in driving the next phases.
After having gathered all data sources in a single data repository, a reduced data
base was created with data that was deemed to be the most useful one. The "golden
source" is definitely represented by the flight records logged in the aircraft HUMS.
Step 2 has been completed with the data ingestion step in which a routine was set up
to automatically extract HUMS data from the folders.

This leads to the third step, where data science becomes a priority. In this phase,
Data Pre-Processing took place, along with an Exploratory Data Analysis (EDA) and
the envision of a data mining methodology. Raw data has been cleaned to remove
spurious information. Data types have been converted, date and time information
has been formatted following the UNIX convention. Some additional features were
created by combining the existing one, files have been concatenated, grouped on a
flight number basis and then saved. An EDA revealed important insights on data
quality, consistency, and sampling and was important to inform the next steps.

Step 4 has focused on the main data mining techniques which will be better ex-
plained in Chapter 5 and involved the calculation of statistical moments, the creation
of cumulative features, related histograms and the calculation of the Probability of
Failure (PoF) and risk trends.

Finally, risk trends were analyzed from a CBM perspective after conducting
a literature review and analyzing the industrial need related to the scale-up of the
CBM.

The workflow just explained is reported in Figure 2.1, which shows the sequence
of steps carried out in the three year period.

The dotted arrows shown behind each block indicate that the development of a
PHM framework, particularly when dealing with a legacy product, is not a linear
process but rather an iterative one. For example, if it becomes apparent during
Phase 4 that a previously unconsidered signal could be beneficial for analysis, a
feedback loop is established to retrieve the necessary information from the data pre
processing phase. Additionally, if further information is required, the PHM designer
is encouraged to revisit earlier stages to acquire the specific knowledge needed,
which can then be incorporated into subsequent phases.
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These feedback loops should not be viewed as errors or setbacks, but rather
as vital components of a continuous improvement process that is essential for the
advancement of a forward-looking framework. Throughout the research project,
feedback from technicians and experts has often inspired reflections leading to
significant enhancements in the system, but only after thoroughly passing through
the required processes again and again.



Chapter 3

PHM Functional Architecture

The developed PHM strategy is better visualized and clearly explained if a modular
architecture divided into functional layers is adopted, such as the one presented in
Figure 3.1.

LAYER 1
DATA MANAGEMENT, 

ETL & PRE-PROCESSING

LAYER 2
DATA PROCESSING, 

FEATURES & PROGNOSIS

LAYER 3
HEALTH MANAGEMENT, 
STRATEGIES & SUPPORT

DATA ACQUISITION 
MODULE

DATA PRE-PROCESSING 
MODULE

FEATURE ENGINEERING 
MODULE

PROBABILISTIC HEALTH 
PREDICTIONS MODULE

OPTIMIZATION
MODULE

SHORT/MID OR LONG 
TERM MODULE

Clean Dataset

PoF & Risk Trends

FLIGHT CLUSTERING 
MODULE

PoF AND RISK 
COMPUTATION MODULE

Time Horizon

Fig. 3.1 PHM framework divided into functional layers and working modules
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Dividing a PHM, or any software application, into layers is an optimal solution
to visualize the objective of each layer and modules. Moreover, many standards con-
cerning CBM, IoT, cyber-physical systems, and information technology applications
in systems engineering and aerospace propose the organization of the PHM system
architecture into integrated and modular layers. These standards have already been
analyzed in Section 1.7. The MIMOSA group emphasizes the feasibility of a stan-
dardized layered architecture specifically for PHM systems in both the OSA-CBM
and OSA-EAI. Additionally, SAE ARP 6883 (Guidelines for Writing Integrated
Vehicle Health Management (IVHM) Requirements for Aerospace Systems), while
not explicitly defining software layers, offers a structured methodology for IVHM
system development that can be merged into a layered system. Finally, many litera-
ture records adopt a layered framework. As a result, inspired by literature studies and
standards, the proposed architecture is conceptualized as a three-layered modular
framework.

Each layer and module will be analyzed and presented in detail in the next
chapters (one for each layer) and sections (one for each module). A short description
of the overall framework is here reported for reasons of clarity.

• The first layer encompasses Data Management, ETL, & Pre-Processing

• The second layer is responsible for Data Processing, Features, & Prognosis

• The third layer involves Health Management, Strategies, & Support.

3.1 Layered Architecture

3.1.1 First layer: Data Management, ETL, & Pre-Processing

The first layer is responsible for the Data Management, Extraction, Transformation
& Load (ETL) and Pre-Processing. It contains two working modules, the Data
Acquisition module and the Data Pre-Processing module. Once the raw data reposi-
tory has been acquired, pre-processed, and formatted, the clean dataset is passed to
the second layer. The Data Acquisition module is tasked with overseeing the data
ingestion process, including Extraction, Transformation, and Load (ETL), as well as
the automatic integration of data from various sources and databases. It also manages
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data formatting processes. Once the data are formatted, they are transferred to the
Data Pre-Processing Module, where flight information is extracted. This module
is responsible for data cleansing and structuring, converting data types into coher-
ent formats, and standardizing date and time information to a Unix-based system.
Additionally, it concatenates various files and saves the processed data in both a
Python dictionary of data frames and ".csv" format to support future inspections and
analyses. During this stage, an Exploratory Data Analysis (EDA) is conducted to
identify valuable insights within the data and to highlight any potential data quality
issues.

3.1.2 Second Layer: Data Processing, Features, & Prognosis

Focusing on Data Processing, Feature & Prognosis, the second functional layer is the
most complex, and it contains a total of 4 interconnected working modules, providing
the PoF and Risk Trends to the next layer. This layer develops advanced probabilistic
data models to derive and enhance value from data. It evaluates the current health
status of the system and forecasts future behavior based on the current assessment.
The Feature Engineering Module performs two tasks. On the first hand, it analyses
the clean dataset and extracts a ranking of the most informative features obtained
through the data manipulation of cleaned signals. On the second hand, it establishes
a threshold distribution. In parallel, the Flight Clustering Module operates on three
main functions. Firstly, it receives the clean dataset and operates a specific clustering
routine to identify and cluster similar flight based on the flight path in Clustered
Mission Types (CMTs). Moreover, it provides a sequence of potential future CMTs,
which are then employed to do forecasting. Finally, it assigns an increment of
each feature linked to each CMTs. All this information, along with the features
obtained in the Feature Engineering Module, are passed to the Probabilistic Health
Predictions Module, which is responsible for the feature probabilistic forecasting in
the next sequence of flights with a guidance provided by CMTs leveraging Monte-
Carlo simulations. After that, the probabilistic trends are compared with threshold
distributions, obtaining PoF and risk trends [99, 100]. These trends represent the
input for the third layer, called Health Management, Strategies, and Support, which
exploits the obtained risk curve to enable short- or mid-term fleet optimization.
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3.1.3 Third Layer: Health Management, Strategies, & Support

The third layer is responsible for integrating risk trends data into an existing industrial
logistics and maintenance framework. The customizable design of the Probabilistic
Health Prediction Module facilitates the seamless application of the PHM framework
in various contexts, thus enabling tailored solutions that meet specific customer
needs. The utilization of this information is closely aligned with the operational
requirements and procedures of the end operator. Risk assessments and strategies
contribute to shaping availability predictions for both short-term and long-term
scenarios. By simulating a set of predefined CMTs in the short-term, it is possible to
simulate the increasing UR risk informed by the operational data-set. This option
gives the potential to foresee specific mission sequences and evaluate the impact of
the CMT sequence on a specific EHA loaded on a specific aircraft. The consequences
of these detailed analysis could then be integrated into a decision making approach
providing tailored advisory on which aircraft is the best suited for the set of mission
considering the risk of EHA URs. Additionally, a long-term perspective can be
established by implementing “open-loop” CMT sequences, with their distributions
informed by and drawn from historical statistical data. This approach allows for the
assessment and estimation of the impact of long-term aircraft usage with positive
outcomes on supply chain planning, warehouse management, etc.

A detailed architecture overview of the PHM framework is reported in Figure 3.2.
Each functional layer and working module is further expanded to reveal the process
block and the relationships between them. In the next chapters the architecture will
be further analyzed and discussed.
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Chapter 4

Layer 1: Data Management, ETL and
Pre-Processing

4.1 Data Acquisition Module

The effectiveness of a PHM framework is directly dependent on the quality, quantity,
and representativeness of the underlying data. Data serves as a crucial component in
the development of any PHM or CBM program; therefore, careful attention must be
paid to identifying data sources and collecting data.

This thesis focuses on the development of a PHM framework for legacy equip-
ment. As a consequence, the data acquisition process is approached from the
perspective of working with an existing legacy product. In this case, data acquisition
and management focuses on selecting, identifying, and leveraging data that are
already being recorded with legacy sensors. Designing a PHM framework for a new
asset presents a completely different scenario, as the PHM designer would need
to write and comply with specific requirements for the PHM system. Additionally,
there would be opportunities to select specific sensors networks [101, 102], choose
sampling frequencies according to specific sensitivity analysis [103], and collaborate
with other design units to integrate the PHM system into the overall vehicle design
in the best way possible. However, this is not the case for this thesis, as this project
will limit itself to leveraging existing data to design the PHM framework.
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The term "Data Management" effectively encompasses a range of activities
performed on data before actual extraction and use. Activities such as reconstructing
data lineage, acquiring data, storing data, and organizing stored data fall under the
umbrella of data management. This is not an engineering activity strictly speaking, it
is more aligned with management work, involving communication with individuals
and reviewing technical publications in order to identify similarities between data
sources utilized in other studies and the data available in the specific case study. It
is important to note that the names and definitions of terms can vary significantly
between organizations and institutions, which can lead to confusion that should be
addressed at the beginning of the research project.

The data acquisition process required over a year and a half of work within
the three-year research project. Although this duration may appear exaggerated,
the literature indicates that it is actually on the shorter side, as data acquisition
and management in PHM projects can take up to 90 per cent of the total program
time [104]. After this phase is completed and all possible data sources have been
identified, the data must be organized.

A common division of data sources distinguishes between operational data
sources and non-operating data sources. Operational data involves all those data
sources that provide data linked to the effective use of the asset (e.g. maintenance
records, flight data, etc). On the other hand, non operational data involve all those
data sources which are related to the equipment under investigation but are not
related to the use of the equipment (e.g. technical publications, reports, etc).

Operational data can be further categorized into event data and condition monitor-
ing data. Event data pertain to occurrences that affect the asset, such as maintenance
logs and unplanned repairs, while condition monitoring data involve flight data and
measurements that track the health condition or status of the physical asset [105].

Component-related maintenance events can also be divided into two categories:
failure events and censored events [106]. Failure events arise from unexpected
component failures and need unscheduled corrective maintenance, while censored
events involve the preventive replacement of a component at predetermined time
intervals.

Technical publications, technical drawings, equipment data sheets, and other doc-
uments detailing the overall architecture of the system are critical to understanding
the principles of the platform and the interactions between subsystems. Additionally,
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operational data, including flight data and maintenance reports, constitute the primary
dataset necessary to develop algorithms and methodologies.

In accordance with the previously mentioned standards and the literature records,
a preliminary list of the data required to effectively develop a PHM/CBM flow chart
for the case study has been compiled. Consequently, a comprehensive review of
all relevant engineering and operational documents is essential to identify potential
data sources. To identify all data sources and the several interconnections between
them, a data organization diagram has been produced (Figure 4.1) and extensively
explained in a published conference paper [5].

An approach to interpret the diagram presented in Figure 4.1 is to follow the blue
boxes that delineate the key steps. The initial phase focuses on system and problem
understanding and then progresses to the definition of the PHM/CBM system and
the potential development of a model. Additionally, supplementary data sources
can be utilized to enhance the research project with further information. The next
paragraphs present in details the principles on which the diagram was designed.

Starting from the top center, the root box is represented by the PN and SN for
the selected subsystem and aircraft. They have been essential in defining the system
architecture and, as such, they are linked to a wide range of data boxes, such as Safety
and Reliability (S&R) analyses, all system level information (control laws, hydraulic
system details, data exchange protocol control architecture, structural data, item
removal causes and data, etc.). Safety and Reliability (S&R) analyses, along with
Failure Modes Effects and Criticality Analysis (FMEAs) and Fault Tree Analysis
(FTAs), have played a key role in identifying critical failure modes and assessing the
severity of the issues being investigated.
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Following the central arrow, the section titled "System Architecture, Technical
Drawings, Data, etc." includes a variety of engineering documents that are crucial for
understanding the system and the challenges faced, especially while integrated with
information from S&R analyses. At the same time, moving to the left part of the
diagram, information on component replacement reasons has been consolidated with
operational Equipment Registers, Configuration Management (CM) data, as well as
Flight Hours (FH) and Operating Hours (OH) data. Going lower, this information
is linked to Maintenance tasks, then to staff feedback, investigation reports, and
finally to the main data sources: Non Volatile Memory (NVM) and HUMS files.
This cluster of boxes, shown on the upper left corner of the diagram, represents
the first part of core data base of the project. From that group of boxes, we were
able to obtain information on troubleshooting and previous analysis, photos, and
videos. This information has been combined with vibrational data and preliminary
analyses, including Segnalazione Inconvenienti (SI), Occurrence Reporting, and
Technical Queries (TQ). SIs and TQs provide formal channels for customers to
request additional support from the engineering division.

The HUMS .mnt files document system-level faults and alerts that occur during
flights. NVM logs capture FCC fault codes and are downloaded from the aircraft
under specific circumstances; when available, they provide further information on
reported faults alongside the associated .mnt files. Maintenance performance tests
and Iron Bird test data have also been aggregated with certification test data. All
these mentioned data sources lead to the blue box "System and Problem understand-
ing", after which it has been possible to formalize the "CBM System Definition"
where the previous blue box information converges with other already performed
preliminary analyses and the central low cluster of data sources (representing the
second main data source cluster). In this group there are certification data, Iron-bird
data, maintenance performance tests, and HUMS Load file, which contains time
series data. A link is placed between the HUMS Load file and the CM, FH, and OH
box because these information must be considered together.

Moving to the right-hand section of the diagram, certain data sources could
potentially be used as model parameters for high-fidelity or low-fidelity physical
models. These include sensor placement, surface control laws, FCC algorithms,
hydraulic fluid properties, aerodynamic surface dimensions, structural data, Flight
Control System (FCS) architecture, control architecture diagrams, flight surface
details, actuator stroke information, and flight envelope diagrams. Availability data
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Fig. 4.2 View of potential in-flight data sources

can help validate the PHM system. Additional supplementary data includes item
cost information, certification basis, and compliance standards.

Other operational data sources typically used in the development of PHM strate-
gies for current and legacy equipment may include the Crash Survival Memory
Unit (CSMU) or the Digital Video and Data Recorder (DVDR) (Figure 4.2). How-
ever, these sources were excluded from this study due to inconsistent data retrieval
methods that are triggered only by specific events rather than through regular and
established processes.

This organization of data has been crucial in clarifying data requests within
the industry and visualizing interactions within a complex system and operational
environment.

Against this backdrop, the organization of the identified data repository is also
reported in Figure 4.3, where the data sources are grouped into macro-categories
and divided into Operational Data and Non Operational data. To all intents and pur-
poses, the dataset is a multimodal dataset in the sense that it comprises information
from various modalities that collectively describe features of the same function. In
fact, multimodality, in the context of information and data, refers to the presence
of multiple modalities within a single dataset [107]. A hot research topic in the
PHM community is related to multimodal learning. Multimodal learning can be de-
fined as the process of deriving valuable insights from data that encompass multiple
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modalities, while also taking into account the interactions between these modalities.
Engaging with various modalities is essential, as real-world information frequently
involves multiple forms of data. In this sense, a PHM data can include multimodal
sources such as time-series signals, maintenance reports, images taken from tech-
nicians, performance tests performed during scheduled maintenance routines, etc.
In the case of the AJT datasets, the various modes can be, however, reconducted
to an "oligo-modality" dataset as the main data source is represented by HUMS
files, which contain signal time series. Maintenance reports are quite scarce, do not
provide important information on the reason for equipment unloading, and have only
been used to statistically characterize the most frequent failure modes. In the dataset,
there are photos taken by maintenance technicians, but they are not directly linked to
the actuator per se, as they are related to the HT. Performance tests are often not kept
by the maintainers and, therefore, there is no historical basis to work on multimodal
learning. Nevertheless, in this thesis, the inherent principle of multimodality is
embraced as much as possible by integrating equipment registers with time series. If
in the future a deeper and more multifaceted dataset will be available for this case
study, a new multimodal strategy could be approached by keeping the same modular
framework.

Fig. 4.3 Data repository: each source has been grouped up and divided into operational data
and non operational data

HUMS data encompasses both STR and F&A files, while Flight Data includes
HUMS data and FCC NVM. The In-Service Data include Flight Data and the
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Flight Hours register. Conversely, Logistics and Maintenance Data consist of the
Maintenance data category, which includes the Scheduled Maintenance register, Log
Card register, and performance tests conducted during maintenance actions, along
with the UR register and TQ & SI. Engineering data, technical documentation, and
fleet information are classified as non-operational data.

Following a comprehensive review of each record and source type, a pruning
operation was conducted to keep only the most relevant sources for informing
subsequent steps. For example, the FH register was deemed superfluous, as the
duration of each flight can be readily obtained from the HUMS file by comparing
flight start and end times. Additionally, the FCC NVM has been found to be difficult
to obtain and provides limited additional information. Similar considerations apply
to maintenance performance tests and engineering test data. As a result, the diagram
shown in Figure 4.4 shows the selected reduced data sources.

Fig. 4.4 Reduced data set with only relevant data sources

In the case of the AJT EHA, raw data is available in various formats. HUMS
LOAD (also named STR - for structural) and F&A files are provided in TXT format,
while Scheduled Maintenance registers are available in both PDF and Excel formats.
Equipment Registers, as well as URs, are only available in PDF format. The TQ and
SI documents are also formatted as PDF, and technical documents are provided in
PDF format, with Fleet Information available in Excel format.

To all intents and purposes, the magnitude of the data to be analyzed leads to
the notion of Big Data [108, 109]. Big data is often defined as "extensive" or "vast"
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databases. However, this definition is not enough to define what is big data and
what is not. For instance, a more complete definition may involve the concept of
computational power needed to store and process it. Furthermore, if a dataset can
be seen as big data, it is determined not only by its size but also by its content and
intended applications. A common definition of what big data is involves the "3 V’s":
Volume, Variety, and Velocity. Volume refers to the mere amount of data that can
significantly impact processing capabilities. Variety is related to the diversity of
data types and structures within a dataset. Lastly, Velocity refers to the speed at
which data are generated and must be processed. This project entire data repository
can be defined as a big data database since the data volume is definitely extended,
spanning more than 10 years of data from a fleet of 22 aircraft for a total of more
than 25000 flight Hours. Variety is definitely a characteristic of the data repository
since time series (categorical and numerical) data have to be integrated with written
documentations, maintenance reports, etc. Velocity is the least pronounced feature in
the database because the acquisition frequency is not too high by today’s standards.
In any case, each file for each flight contains a considerable amount of points.

The data analysis framework is based on Python 3.8.18, using VSCode. The
most commonly used packages have been installed and used along with specific
packages to perform custom made operations.

4.1.1 HUMS LOAD File

An insight is required for the HUMS LOAD file, which is the main operational data
source. The LOAD file is the result of a decoding and transformation process (from
binary to exadecimal) starting from a coded file, which is saved in a memory card
from the aircraft Data Recording Unit (DRU) along with the F&A file. These files
can be downloaded after each flight and then analyzed accordingly in the HUMS
ground segment, constituted by a Ground Support System (GSS). In particular, after
every flight, the F&A file is analyzed to see if there were any alerts notified during
the flight. If this is the case, then the specific system is analyzed more in detail and
by looking at the trends reported in the LOAD file if need be. In the case of the
FCS, there is also the possibility of accessing the FCC NVM where the FCC logs are
saved for a limited number of flights. However, it should be noted that this procedure
is performed only in the event of a reported alert in the F&A file and not regularly.
Data contained in the LOAD file, once decoded, are in the format of txt files where
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all time-series data is saved. Moreover, some categorical data is also saved. (e.g.,
Weight-On-Wheels (WoW) or additional tanks on two or more aircraft pylons, etc.).
In order to optimize data saving space, as often carried out in these conditions, a data
compression algorithm is applied during the saving process by the HUMS airborne
segment. It has to be noted that, as already explained in Section 1.10, the AJT HUMS
was designed for SHM, for which the dynamics are characterized by much lower
frequencies.

In this specific case, a Peak-Valley (PV) approach had been selected by AJT
designers in the ’90s. Under this acquisition logic, the system does not record signals
continuously during the flight. Instead, each monitored parameter is compared in
real time with predefined trigger thresholds, and data are stored only when at least
one signal in the selected subset (e.g. Equivalent Airspeed, Mach Number, Angle
or attack/sideslip, angular speeds and accelerations, etc.) shows a sufficiently large
variation to activate the trigger. After a recording event, a dead band is applied,
meaning that no new sample is saved until the signal changes by an additional pre-
scribed amount. In practice, the process is therefore based on three steps: continuous
monitoring of the selected parameters, storage of data when a threshold exceedance
occurs, and temporary inhibition of further recordings until the dead-band condition
is overcome. This strategy allows the recorder to capture the most relevant extrema
and transitions of the flight profile while avoiding redundant storage of very similar
points and limiting memory usage.

An example of the PV strategy is shown in Figure 4.5. The upper curve represents
the original time history, which is continuously monitored, whereas the lower curve
represents the compressed signal actually stored by the acquisition system. A new
point is recorded only when the signal variation exceeds the dead-band threshold
with respect to the last stored value; otherwise, intermediate fluctuations are ignored.
In this way, the PV logic preserves the main peaks, valleys, and significant transitions
of the original signal while discarding small variations, thereby reducing the amount
of stored data. The loss information can be significant as there may be intervals
during which no exceedance is recorded. Conversely, there may also be instances
where the DRU receives continuous data due to persistent exceedance triggering.
This highlights the high variability in the recording frequency that will be the subject
of further analysis in Section 5.1.1.
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Fig. 4.5 PV recording principle applied to a sample signal

The AJT HUMS operates as a parametric system. This approach involves
acquiring a limited set of raw data (around 50 signals), from which more complex
and derived information is subsequently calculated. For example, rather than directly
sensing aerodynamic forces through a specific sensor, these forces are computed
based on parameters such as altitude, speed, attitude, etc. A total of 256 different
parameters are saved in the LOAD file including a wide range of signals (both as
sensed and calculated from the raw signals): LOAD factors, linear speeds, angular
speeds, angular accelerations, attitude angles, Equivalent Airspeed (EAS), Calibrated
Airspeed (CAS), pressure altitude, Mach number, LOADs, etc. One txt LOAD file
for each flight is produced and saved, resulting in an enormous number of files to be
analyzed.

For each flight, the HUMS generates a single LOAD text file and the data are
systematically organized into folders. Specifically, a dedicated folder is created for
each aircraft, containing all relevant text files, as illustrated in Figure 4.6. Each
text file is labeled with the corresponding flight date, and within each file, the data
are structured in a comma-delimited format. Finally, the initial lines of these files
provide essential information about the flight.
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Fig. 4.6 Folder organization and hierarchy for HUMS LOAD files

HUMS systems are envisioned at a system level and they do not encompass the
logging of equipment level data. Moreover, since HUMS was designed for SHM
analyses, there was no need to record avionic bus signals or any other system level
data. It is trivial that having this kind of data would have been extremely useful
to understand and model equipment health. Nevertheless, Figure 4.7 shows the
available signals related to the actuators: as can be seen from the graph, no actuator
level data is saved in the HUMS LOAD file apart from the HT position, logged by
the FCC but obtained synthetically from the jack position.

Fig. 4.7 Available signals in relation with the actuator.

4.1.2 PDF Documents

Although PDF documents such as technical documentation, TQ, and SI are pri-
marily intended for consultation and knowledge acquisition and do not need to be
treated as data, certain PDF documents require integration and management as data.
"Equipment Registers" is an umbrella term in which the operational history of each
equipment is reported. The creation of a coherent unique set of Equipment Registers
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(one for each actuator SN) required the assembly of information coming from differ-
ent sources: cannibalization registers and loading/unloading registers. For instance,
loading/unloading registers are in the form of hand-written PDF documents that have
to be transcribed into machine readable csv files. Scheduled maintenance records
are in the form of machine readable PDFs and have to be converted into csv files as
well. URs have been assembled from transcribed Equipment Registers, as well as
in-house UR tracking databases. OCR procedures have proven to be unreliable in
these cases due to variability in individual handwriting, increasing the probability of
errors. Consequently, manual transcription has been carried out.

The data acquisition activities conclude the first module of the framework’s first
layer. This activity, although it may appear to be a simple data collection phase, is
crucial, as the quality of the data is fundamental to the success of the PHM system.
Not only high-quality data ensures accurate analysis and decision-making, but also
provides significant methodological value for similar projects. In fact, there are
very few examples in the literature that highlight this critical phase, underscoring its
importance in developing effective PHM systems [64].

4.2 Data Pre-Processing Module

Data pre-processing is critically important to ensure that data are meaningful and
usable, effectively transforming potential insights into actionable information [110].
More often than not, good information is immersed in a noisy dataset that cannot
be processed as is as it would lead to macroscopic errors and data artifacts. In
other words, data pre-processing involves transforming and manipulating raw data to
improve its quality, consistency, and guide future analysis.

This project has to deal with real life data collected during the asset operation.
Data obtained from real-world systems are often different from those logged during
experimental setups or simulations, often from many perspectives. In controlled
environments, data acquisition frequencies can first be set and then synchronized
to capture sensor logs simultaneously, and sensor configurations can be optimized
to improve data quality. The amount of data collected is mainly influenced by
computational resources, the duration of the experiment, and the sampling frequency.
Currently, to our knowledge, there are no comprehensive and up-to-date protocols
or guidelines for managing, organizing, and preparing HUMS sensor monitoring
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data intended for training and implementing PHM frameworks. Moreover, the steps
involved in the pre-processing phase can vary depending on the available data and the
chosen strategy, making data curation and preparation often a case-specific process
rather than following a pre-made methodology. On the other hand, this should not
surprise as data are often very platform specific and each case requires a specific
protocol and specific techniques which are not transferrable. Many studies report
their custom made pre-processing pipelines which can be extremely useful but, in
the end, each case must be treated separately. In this case, there is no "one size fits
all" and data have to be explored and analyzed to highlight specific inconsistencies
or noisy values that could interfere and hinder the methodology results. Commonly
performed actions can be grouped up with the terms: data cleaning [111], data
cleansing [112], data transformation, feature pre-selection or selection [113], data
normalization/standardization [114], etc.

In order to provide a sequential description of the activities performed in the
Pre-Processing Module, the remaining of the section is divided according to some
macro areas.

4.2.1 HUMS LOAD Files

Data Cleaning and Cleansing

Both maintenance and usage data may include inaccuracies, redundant information,
errors, or noise. In fact, errors in usage data may arise from sensor malfunctions
or input error by the ground crew before departing (e.g., setting the wrong fuel
weight). Therefore, conducting a sort of check on some known column is crucial.
The entries in the LOAD file are categorized as either "ground" or "flight" rows,
reflecting whether the data was recorded while the aircraft’s systems were operating
on the tarmac or during flight. Consequently, ground rows have been excluded
from further consideration. In addition, instances of NaN (Not-a-Number), missing
value, and zero values have been excluded from the analysis to ensure data integrity
and consistency. Some flights contained general corrupted information and were
therefore excluded.
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Data Type Conversion

Although data can generally be considered safe and reliable after the data cleaning
process, it may still be necessary to adjust the data type of certain variables. Convert-
ing categorical data, such as switching from string to numeric formats or vise versa,
is essential for effective data analysis, as many packages, algorithms, or functions
handle only certain types of variables and may throw hard to decode exceptions
otherwise. During the data pre-processing phase, significant attention was devoted
to establish a coherent data structure and standardized formats. As already said, this
approach is central to ensure that the data can be easily accessed and effectively
analyzed in subsequent stages in a single framework.

Date and Time Formatting

The date and time for each flight, along with the timestamps for each recording, have
been formatted as date-time objects and Unix timestamps, which is a widely used
format for storing time values. Unix timestamps are an extensively used method
for representing time in applications that require date and time manipulation. Unix
timestamps are defined as the number of seconds that have passed since the Unix
Epoch, which is set at January 1, 1970, at 00:00:00 UTC. This system provides an
absolute, consistent, and unique way of tracking time across different platforms and
programming languages, exploiting their ability to represent time in a format that
is independent of time zones. The adoption of Unix timestamps in this project has
been decided to eliminate any possibility of misunderstanding between similar data
conventions (e.g. dd/mm/yyyy and mm/dd/yyyy) which could lead to catastrophic
error in the next phases of the project. There are Python packages which enable
seamless shift between time formats. The same approach has been adopted for URs
and every other documents containing time and date information.

Feature Pre-Selection & Dimensionality Reduction

As discussed in Section 4.1.1, the total number of signals recorded by HUMS is
256, which represents a vast pool of signals to use in the analysis. Drawing on the
research group’s prior experience, expert input, and findings from the literature, it
was concluded that extracting all 256 variables was not necessary for this study.
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The rationale for this decision is that numerous variables may not be relevant to the
case study and that including them could unnecessarily enlarge the dataset and slow
down calculations. This approach is in line with the variable selection methodologies
proposed by Ten Zeldam et al. [115] and Schoemakers [64].

Based on physical reasoning and flight mechanics knowledge, from the original
256 signals, a total of 50 variables have been pre-selected along with additional
contextual information (e.g., Flight ID, UTC Date & Time, etc.). These 50 variables
are identified as potential feature candidates that can be associated with the health
status of the AJT HT PAS. Examples include aircraft variables within the longitudinal
plane, the positions of mobile surfaces, and the forces acting on the tail and HT. This
step has been presented in two conference papers [5, 6].

Synthetic Features

After a thorough analysis of the available signals and feedback from flight mechanics
and actuation system experts, it was decided to combine four signals together to
create two additional features that could represent and track actuator health in a more
precise way. The two added signals are the mechanical works for each HT actuator
(right and left) obtained using the information on the position of the actuator and
the moment applied on the surfaces. The mechanical work can be representative of
the overall usage rate of the actuator since it is linked to both the movement of the
actuator jack and the forces it produces. Mechanical work for the right HT for the
"i-th" row has been obtained as follows:

Worki,RightHT = Mx ·
∆αi,RightHT

b
(4.1)

where
∆αi,RightHT = αi−αi−1 (4.2)

∆αi,RightHT refers to the HT position difference, calculated for each time step by
subtracting the value in the previous row (i-1) and the value in the next row (i). b
is a constant arm of 1 meter. As a result, considering the two signals linked to the
position difference at each time step and the two mechanical works, the final number
of signals is 54, complemented by complementary information. Table 4.1 reports the
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Table 4.1 List of complementary information (a,b,c,d) and flight parameters (1-54) Flight
dynamics, loads and aircraft level signals are logged.

Number Flight Parameter (FP) Notes
a Mode Flight/Ground
b Flight ID Increasing Number on each FCC power up
c Counter Increasing counter
d UTC Date Time DD_MM_YYYY – hh_mm_ss
1 Weight [kg]

2,3,4,5,6,7 LHT Fx, Fy, Fz, Mx, My, Mz Six load components acting on the left HT. [N or Nm]
8,9,10,11,12,13 RHT Fx, Fy, Fz, Mx, My, Mz Six load components acting on the right HT. [N or Nm]

14,15,16,17,18,19 Tail Fx, Fy, Fz, Mx, My, Mz Six load components acting on the last fuselage section. [N or Nm]
20,21,22 Nx, Ny, Nz z, y, x axes accelerations [g]

23,24,25,26 Buffet Coefficients -
27,28,29 p, q, r Roll, pitch and yaw rate [deg/s]
30,31,32 p, q, r dot Roll, pitch and yaw acceleration [rad/s2]
33,34,35 V (NEU) Speed North, East, Up [ft/s]

36,37 AoA, AoS Attack and sideslip angles [deg]
38 LEF Deflection Leading Edge Flap Position [deg]

39,4 Stick Position (long, lat) Longitudinal and lateral stick position [mm]
41,42 LHT, RHT deflection Left and right HT position [deg]

43 Pedal position [mm]
44 Flap position Trailing Edge Flap position [deg]
45 Pressure altitude [ft]
46 TAS True Air Speed [Knots]
47 Mach Mach number

48,49 Left and right throttle [%]
50 Static air temperature [°C]

51,52 LHT, RHT deflection variations Left and right HT position difference with the previous value [deg]
53,54 LHT, RHT Work Mechanical work of the actuators (calculated)

list of Flight Parameters (FP) and complementary information indicated as (a,b,c,d)
along with the unit of measurement and some additional notes if needed.

General Data Operations

The term General Data Operations, in the context of this thesis, is used to refer to
data structure and management operations to create a more optimized data structure.
Under this umbrella, it is possible to identify the following:

• Flight Information Processing: The flight number and date for each LOAD
file are identified from the initial rows of each HUMS file and recorded
accordingly.

• Flight Number Grouping: An additional column has been introduced to include
a sequential flight number, facilitating easy retrieval of each file in the database.

• Concatenation of files: Files pertaining to each aircraft have been combined
into a single data frame.
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• Column Remapping: Columns have been reorganized and renamed.

• Saving: data frames have been saved in dictionaries as well as locally in .csv
and .json files.

4.2.2 Equipment Registers

In the context of this thesis, the term "equipment registers" identifies the logistic
documentation which reports the history of the fleet of actuators, including on which
aircraft TN they were mounted, for how many flights, why they were unloaded
as well as the operational history of the component (i.e. when the equipment has
been sent to the OEM and the return date). Equipment registers are equivalent
to the documentation that is commonly called a "Log Card" and that follows the
equipment along its operational life. Equipment registers are often based on a paper
document that travels along the PAS to the OEM, to the operative base, and to the
warehouse. As a result, the pre-processing step for Equipment registers involved
the hand transcriptions from paper tables to a csv-based file of the records. Since
the documents were signed and compiled by different entities, technicians, and with
different styles, automated procedures were found to be inefficient, leaving hand
transcription the only viable option. As a result, a .csv document has been created
with the following information:

• Equipment SN

• Aircraft TN (loading and unloading)

• Reason for change (if present)

• OH of equipment and aircraft at the unloading time

• Date of change

Much effort has been put into gathering information from different sources and
merging them into a single database. A further step was required to identify the
last flight before the change, as well as the conversion of date and time indications
into Unix timestamps. All of this information will be referred to as Configuration
Management (CM) throughout the remainder of the thesis. Equipment Registers
should in principle represent the primary source of information on possible fault
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modes; however, as further discussed in the next Section, their content is not suffi-
ciently consistent or statistically relevant to support the development of a reliable
fault-detection strategy.

Fault Mode Statistics

As already stated in Section 1.10 and 2.1, this framework targets the prediction of
Unscheduled Removals (URs) of the AJT HT EHA, rather than the identification of
specific actuator fault modes. The focus is therefore on anticipating no-go conditions
that affect asset availability and fleet management, while classification of the exact
removal cause is outside the scope of the approach.

As already mentioned in Section 4.2.2, the unloading reasons are sometimes
mentioned in the Equipment. However, they are often not coded and written by hand,
leading to a not standardized unloading code formulation. Following an analysis
with SMEs, the initially broad range of documented causes was refined to a limited
number of primary unloading reasons, consistent with existing literature on EHA
fault trends.

Literature on EHA indicates that actuator seal wear frequently leads to internal
leakage between chambers. Seal degradation is commonly modeled as a cumulative
damage process that progresses over time, representing a gradually developing fault.
This approach supports the concept that certain faults evolve slowly into failures, and
their degradation can be tracked within the PHM framework by utilizing cumulative
metrics that incorporate flight history and duration.

However, due to limited data availability—specifically, the absence of hydraulic
pressure measurements and other relevant data in the AJT HUMS—modeling the
seals’ degradation on the actuator piston is currently not feasible.

Figure 4.8 presents a histogram of fault modes, illustrating various failure types;
specific labels are omitted for confidentiality reasons.

Detailed analyses on the possibility of treating each failure code separately in
order to improve prediction accuracy were carried out as ablation studies and are
reported in Section 5.4.1, showing that the limited statistical base does not support
any tangible benefit from modeling different fault modes independently. As the fleet
accumulates additional flight hours and clearer trends emerge, such a distinction may
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Fig. 4.8 Histogram of Failure Codes from URs with omitted labels.

become more meaningful, potentially improving prediction accuracy and opening
the possibility of classifying URs according to their underlying cause.

4.2.3 URs

The pre-processing phase for URs has been quite similar to the one related to
Equipment registers. UR-related information was found to be scattered in various
documents and reports, and much effort has been put to create a coherent and
comprehensive database for the entire aircraft fleet. As a result, a single ".csv" file
has been created that gathers the fault code (if present), the date of the UR, and the
OH of the equipment. As per the equipment registers, further steps were required
to identify the last flight before the UR as well as the conversion of date and time
indications into Unix timestamps.

4.2.4 General documentation

General and additional documentation was retrieved in a wide range of formats (e.g.,
".pdf" or excel documents, ".xls" or ".csv" files, etc.). The information retrieved has
been used in the framework development when needed and to inform the framework
choice.



Chapter 5

Layer 2: Data Processing, Features,
and Prognosis

5.1 Feature Engineering Module

The Feature Engineering Module is one of the four modules built within the Data
Processing, Features & Prognosis Layer. The module inputs are the FPs, the CM
files, FHs and URs. The Feature Engineering Module is responsible for the creation
and selection of a set of Cumulative Features (CFs) which can represent the evolution
of the equipment health in time and provides the parameters of the hazard Probability
Distrbution Functions (PDFs) which will be then exploited in the Probabilistic Health
Predictions Module.

Following the blocks reported in the main scheme of Figure 3.2, the first action
performed by this module is the Statistical Moment (SM) calculation. SMs are
a common way to lump the characteristics of a signal or of a data distribution in
general. In other words, SMs are quantitative metrics that describe the characteristics
of a certain signal or distribution. They provide insights into the shape, spread, and
central tendency of data sets. Among the most famous SMs, the first four are the
most popular as they are able to merge the statistical contribution of the signals into
a handful of parameters.

If a random variable X is considered, the n-th moment about the origin is given
by Eq. 5.1:
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µ
′
n = E[Xn] =

∫
∞

−∞

xn f (x)dx (5.1)

where f (x) represents the X PDF. A subcategory of SM is represented by central
moments, which are calculated relative to the mean of the data distribution.

µn = E[(X−µ)n] (5.2)

where µ is the mean of X . Thanks to the generalized formula provided in Eq.
5.2, the first four central moments can then be formulized:

1. First central moment: Mean. The mean value represents the central tendency
of the data and underscores that the aircraft or actuator has experienced high
or low loads focusing on the baseline rather than the extreme values and tails
[116]. Despite being a trivial statistical metric, it can provide useful insights
on the forces acting on the actuator during the flights.

Mean(µ) = E[X ] =
1
n

n

∑
i=1

xi (5.3)

2. Second central moment: Variance. Variance indicates the dispersion or spread
of data points around the mean. A high variance observed within a specific
feature time series suggests that the aircraft has encountered values that differ
significantly from the average. For instance, elevated variance in work values
may indicate that the PAS jack has undergone a broad spectrum of movements
and positions. Even if variance is a very common measure in statistics, it can
provide useful insights on the spectrum of regimes encountered and stress. For
instance, the authors of [117] used variance analyses on cumulative signals in
their study on inverter fault detection.

Variance(σ2) = E[(X−µ)2] (5.4)

3. Third central moment: Skewness. Skewness quantifies the probability dis-
tribution asymmetry. A longer right tail leads to positive skewness, whereas
negative skewness highlights a longer left tail. Variance has been extensively
used in PHM and diagnostic applications for rotating mechanical equipment
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[118]. High skewness can indicate values that consistently deviate from the
mean within the load spectrum, highlighting their importance.

Skewness = E

[(
X−µ

σ

)3
]

(5.5)

4. Fourth central moment: Kurtosis. The fourth central moment is one of the
most widely used basic statistical indicators for the diagnosis and prognosis of
rotating equipment spanning from shaft to wind turbines due to the ability of
kurtosis to concentrate and highlight anomalies in distributions [119, 118]. In
particular, kurtosis shows the "tailedness" or "peakedness" of the distribution.

Kurtosis = E

[(
X−µ

σ

)4
]
−3 (5.6)

High kurtosis suggests heavy tails and a sharp peak, while low kurtosis indi-
cates light tails and a flatter peak. A relevant literature application involving
kurtosis is proposed by the authors in [120] where kurtosis has been applied
for EHAs PHM, proving the approach robustness.

In conclusion, SMs provide essential insight into data distributions by quanti-
fying central tendency (mean), variability (variance), asymmetry (skewness), and
peakedness (kurtosis). The choice of relying on SMs is not arbitrary: it is driven
by their high degree of explainability, their compatibility with the available data
granularity, and their suitability for modular integration within the proposed PHM
framework. Each moment can be directly interpreted by domain experts in terms of
physically meaningful concepts such as average load level, variability of operating
regimes, prevalence of extreme events, and concentration of stress cycles, which
facilitates both validation and adoption in an industrial context. Moreover, given that
the available information is at the aircraft level and is often affected by heterogeneous
operating conditions and measurement noise, more complex high-dimensional de-
scriptors (e.g., time–frequency or deep-learned features) would be harder to identify
robustly and would significantly increase the risk of overfitting without a propor-
tional gain in interpretability. Statistical moments can be defined for any order (even
higher than four), but the first four are adopted here as a well-established set that
captures the main distributional characteristics relevant for degradation analysis,
while keeping the feature space compact enough to be propagated through the subse-
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quent Monte Carlo and hazard models. This choice preserves the modularity of the
framework, since additional families of features (higher-order moments, quantiles,
frequency-domain indicators, etc.) can be incorporated in future extensions without
altering the core architecture of the PHM pipeline.

The four SMs have been applied on the pre-processed data set for each flight. As
a result, each FP of each flight is described by a total of four moments. Therefore,
a flight is described by a total of 216 values: 4 SMs applied on each of the 54 FPs.
This process is represented in the scheme in Figure 5.1. Each aircraft of the fleet has
a set of FP files, one for each flight containing the time series of the 54 pre-selected
FPs. For each flight, the SMs are calculated for each FP, resulting in 216 values for
each flight. This process is repeated for each flight of each aircraft, providing a way
to track the usage of the system from flight data.

Fig. 5.1 SM creation process from FPs.

Following the scheme reported in Figure 5.2, the next step involves the assembly
of PAS data. This activity is central in following the PAS operational history.
Aircraft components are designed by OEMs for high maintainability, using the
concept of Line Replaceable Units (LRUs) to facilitate maintenance operations and
troubleshooting. The concept of LRU describes a component that can be easily
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and quickly replaced during maintenance operations without the need for extensive
disassembly of the surrounding system. This feature is crucial to minimize downtime
and ensure operational readiness in complex operational environments. As a result,
equipment can be exchanged during service for reasons such as cannibalization,
troubleshooting, or operational readiness requirements. Moreover, when an aircraft
component fails and is unloaded from an aircraft Tail Number (TN) and sent to the
OEM for repair, there is absolutely no assurance that the repaired component will be
reinstalled on the same aircraft TN from which it was removed. Instead, it may be
added to the general spare parts inventory and/or installed on a different aircraft TN
upon its return from the OEM according to operational needs. This concept, which
definitely improves fleet maintainability and readiness, on the other hand, makes
health tracking much more challenging.

FPs are tracked and saved by aircraft; therefore, it is necessary to gather the
operational life of PAS by “cutting and pasting” relevant FP trends from the TN of
the aircrafts on which they were loaded through the CM files. In fact, tracking the
status of a specific piece of equipment, identified by its Serial Number (SN), is not
equivalent to monitoring the operational history of the aircraft, identified by its TN,
on which the equipment was initially installed. On the other hand, tracking what the
equipment has experienced is essential to understand the way that a particular flight
or mission affected the actuator health. Although it is more a management issue,
this problem is complex and requires a comprehensive study and analysis of CM
information. However, without establishing a link between SN and TN, it becomes
impossible to utilize aircraft operational data to predict the future performance of the
PAS. Figure 5.2 shows an exemplified assembly history of a specific serial number,
PAS 002. According to the exemplified equipment register, this unit was installed
successively on aircraft 1, aircraft 2, and aircraft 3. This information made it possible
to reconstruct the operational life of PAS 002 by extracting the data generated by
each aircraft during the periods in which the unit was installed. These data segments
were then combined in chronological order to reconstruct the complete operational
history of that specific PAS.
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Fig. 5.2 PAS data assembly process. The PAS 002 data is assembled from aircraft 1, 2,
and 3, organized by loading (L) and unloading (R - Replacement or RP - Repair) dates.
Occasionally, the reasons for equipment unloading, such as "PERF" indicating a performance
test failure, are documented.

At this stage, since the SM data for each flight are available and organized for
each PAS, the Condition Indices (CIs) can be assembled by merging the knowledge
of what happened during the flight (SM data) with the knowledge of how long
the flight was (FHs data). The concept behind the creation of cumulative trends
has already been used in the PHM community as a way to track the evolution of
equipment health over time in a completely explainable way. In the case of this
project the choice of using this approach is strictly linked to the granularity of data
at hand and it is deemed the best way possible to integrate aircraft level data to
predict PAS level health. Other applications of cumulative trends are proposed in
[117] where the fourth statistical moment is considered as well as in [121], where
the authors applied a cumulative of the fourth moment to identify working regimes.
The result of this step is a set of 216 cumulative CI, which describe the life of the
PAS both in terms of what happened during each flight (thanks to the information
contained in the SM) and the duration of each flight (thanks to the duration FD).
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The process of creating CIs is explained in Eq. 5.7 and Eq. 5.8.

CIi, j( f ) =
f

∑
k=1

SMi, j(k) ·FD(k) (5.7)

CIi, j( f ) indicates the CI at flight f related to the SM SMi, j. SMi, j(k) indicates the
SM i applied on FP j with respect to flight k. i is an index which may assume "mean",
"variance", "skewness", or "kurtosis". j ranges from 1 to 54, indicating the various
FPs. For example, CImean,1(k) is the way the CI value obtained using the SM "mean"
on the FP number 1 related to the flight k is mathematically formalized. On the other
hand, FD(k) represents the duration of the flight k.

A vectorized formula can also be defined, referring to the vector
−−→
CIi, j, as shown

in Equation 5.8:
−−→
CIi, j = cumsum(

−−−→
SMi, j ·

−→
FD) (5.8)

where
−−→
CIi, j indicates the CI of

−−−→
SMi, j.

−−−→
SMi, j is the vector that contains all concatenated

FP j calculated thanks to the SM i, and
−→
FD is the vector of flight durations.

In other words, for each flight, the SM value is multiplied by the flight duration
(FD), and the resulting increase is subsequently added to the previous cumulative
value. In essence, CIs are derived by integrating the SM over time in a finite integral
fashion; specifically, this involves multiplying the flight-related SMs by the FD
to create a trend that accurately reflects the aircraft’s usage. Thus, each flight is
defined by a sequence of CI increments (one for each FP). This approach has been
systematically applied to each PAS and each SM.

The only data source not yet exploited is the record of URs. It should be recalled
that the objective of the framework is not the identification of specific fault modes,
but the prediction of UR themselves, as events affecting actuator availability and
fleet management. Once the CI trends have been calculated, their evolution is
analyzed in conjunction with the URs recorded in the UR register. By examining
the CI trends alongside the URs, we can assess the magnitude difference between
consecutive URs or between the initial flight and the first UR. Following these
analyses, histogram representations were utilized to visually depict the distribution
of the derived intervals. These intervals represent the variations in the value of
a specific CI over time, providing valuable information for identifying the most
significant CIs.
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Figure 5.3 illustrates the process for a specific actuator, identified as PAS SN
002. The graph on the right displays a particular CI and employs a color code
corresponding to the aircraft on which the PAS was installed, based on the date. The
table in the upper right corner of the figure shows that this specific PAS has flown
for a total of 1145 flights. The CI is highlighted by several red vertical dotted lines,
which indicate the removals that PAS 002 has undergone. Variations are calculated
between the beginning of the PAS operational life and the first UR), as well as
between subsequent URs. Notably, PAS 002 experienced three URs; however, only
two of these were due to failures, marked as "RP" for Repair. The initial UR was
classified as a Removal (R), which can be linked to cannibalization or to the need on
unloading the PAS to load it on another aircraft TN.

Fig. 5.3 An example of a calculation of intervals values for PAS 002. The plot is a exemplified
sketch of a possible trend for explanatory purposes.

The histograms obtained have been used in two different ways:

1. Identifying Periodicity: Histograms that display the intervals between URs
are a way to identify CIs that show periodic behavior and a relatively stable
value between two URs. Ideally, the optimal CI would show consistent changes
in magnitude between URs, represented by a histogram with a single bin.
Each histogram is accompanied by a normal PDF curve, defined by its mean
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and standard deviation. This setup enables the calculation of a normalized
Signal-to-Noise Ratio (S/N Ratio), which ranks the features according to
their informativeness. Specifically, the most desirable features are those with
the highest S/N ratios and the narrowest histograms. A total of five top CIs
were determined to be sufficient to characterize the health of the PAS: these
include the skewness applied to the mechanical work on the right actuator, the
skewness of the north speed component Vn, the mean of the last section of
the fuselage moment Mz, the moment Mx applied to the right horizontal tail
calculated using the mean and the kurtosis of the east speed component Ve.
The most representative CIs are called Cumulative Features (CFs)

2. Hazard Distribution Representation: Histograms also serve a central role in
the subsequent analysis steps. They not only help identify the most significant
features, but also represent the hazard threshold distribution. If a histogram
indicates a change in magnitude between two URs, this suggests that reaching
this change increases the probability of an UR occurrence. Therefore, when
fitted with a custom PDF, histograms effectively illustrate the distribution of
hazard thresholds. In fact, as stated by Acuña et al. [122], one way to define a
threshold function is using post-mortem statistical data obtained from a fleet
of running equipment. Thanks to the values of these condition indicators at
the recorded failure instances, a parametric or non-parametric hazard function
can be developed by considering the cumulative function of the obtained PDF.

The histograms of the 5 best CFs are shown in Figure 5.4 together with the
normal PDF to rank them. It is important to clarify that the normal distribution
fits shown in Figure 5.4 are used solely for the calculation of the S/N Ratio. The
normalized Signal to Noise ratio (SN Ratio) has been calculated as shown in the Eq.
5.9:

S/Nnorm =
norm(m)

Σ
(5.9)

where m and Σ are the mean and standard deviation of the fitted normal distribution.

This metric requires the extraction of mean and variance and therefore the
same distribution model must be applied uniformly to all features to ensure a fair
comparison. Although this step provides a consistent basis for feature ranking, it
is not intended to reflect the true underlying distribution of each feature. In the
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Fig. 5.4 Histograms of the best 5 CFs.

Fig. 5.5 Ranking results based on normalized S/N ratio. The top 5 CFs are colored in green.

subsequent sampling stage, the CF distributions are instead fitted using a more
refined and feature-specific approach.

The ranking results are reported in Figure 5.4 along with the normalized S/N ratio
value in Figure 5.5. It should be noted that the most informative CFs are physically
connected to the mechanical behaviors of the HT and their corresponding impact
on the AJT flight mechanics. Additionally, the observed prevalence of skewness,
mean and kurtosis, coupled with the lack of variance, may indicate a more significant
influence of higher loads in relation to mean value.

The two module outputs are hence the Top 5 CFs trends obtained from the S/N
ratio ranking and the hazard probability distributions for each CF. Each hazard
distribution has been analyzed and fitted with the optimal PDF utilizing the "Distfit"
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Python library, which facilitates probability density fitting of univariate distributions
through both parametric and non-parametric methods.

In the parametric approach, the Distfit library evaluates a total of 89 theoretical
distributions to identify the best fit. The goodness of fit for these PDFs is assessed
using the Residual Sum of Square errors (RSS), allowing for the selection of the
most representative distribution. The considered potential parametric PDF function
ranges from common formulations (e.g., Weibull, Gamma, Cauchy) to advanced
formulations (e.g., Log-gamma, Johnson SU, t-Student). In other words, this ap-
proach allows for the selection of a specific parametric PDF function, ensuring a high
level of customization and accuracy. The RSS quantifies the divergence between
the predicted and observed empirical data values, reflecting the discrepancies in the
estimates. It serves as a measure of the difference between the data and a given
estimation model. The RSS is calculated using the formula reported in Eq. 5.10:

RSS =
n

∑
i=1

(yi− ŷi)
2 (5.10)

Some further outlier removals are performed on the distributions to remove
outliers that could hinder the definition of a clear hazard threshold distribution. The
values provided represent criteria for removing outliers from the various distributions:

• The first criterion involves "Work_RHT_skew" and indicates that any values
less than or equal to -6 million are considered outliers and are removed from
the dataset.

• The second criterion relates to "Vn_skew" and specifies that any values less
than or equal to -250,000 are removed.

• The third criterion indicates that any bin of the CF "RHT_Mx_mean" must be
bigger than or equal to -4 billion.

• The fourth criterion on "Ve_kurt" means that any values greater than or equal
to 1 are removed from consideration.

• The fifth criterion specifies that any values less than or equal to -50 million are
excluded from the dataset of the CF "RHT_Fz_skew".
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In general, these filtering criteria aim to enhance the quality of the dataset by re-
moving extreme values that could skew the results or lead to incorrect conclusions in
future analyses. By setting these thresholds, only data points within reasonable limits
are retained for modeling and evaluation, ensuring a more reliable interpretation of
threshold metrics.

5.1.1 Additional Analyses

In the context of the Feature Engineering Module, a wide range of parallel analyses
and studies have been carried out to support and inform the next steps. In the
following subsections, the main results are reported and explained.

Sampling Analyses

A sampling analysis has been conducted for four aircraft. Sampling analyses are
important to identify the specific signal bandwidth and to understand if the sampling
is high enough to capture flight or actuator dynamics. The results are consistent
across all aircrafts analyzed and can therefore be generalized to the entire fleet, as
recording equipment, training flights, and overall subsystem infrastructure are uti-
lized uniformly throughout the system. An example of the analysis for an individual
aircraft is presented in Figure 5.6. The sampling analysis reveals a highly variable
frequency, with only a small percentage (up to 22%) of irregular and sparse batches
of high-frequency data, while the majority of samples are collected at frequencies
below 5 Hz. It is important to remember that, as already explained in Section 1.10
and 4.1.1, the HUMS mounted on the AJT was originally designed for SHM applica-
tions rather than PHM, and as such, high-frequency sampling was not a requirement.
Moreover, as already explained in Section 4.1.1, a peak-valley recording principle
had been adopted to log data in the AJT HUMS and, as a result, the data are saved
only when a peak or a valley is exceeded for one of the monitored parameters. In
conclusion, while during test flights additional sensors and logging equipment are
mounted on the platform, no constant/high frequency sampling logging is carried
out on production aircraft. The results of the sampling studies highlighted that, with
the current data sampling strategy, it is impossible to track the dynamics of the
aircraft and actuator as well. In fact, common aircraft dynamics bandwidths are in
the range of 3-4 Hz for an F-16 Falcon, while actuator dynamics is often one order
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Fig. 5.6 Sampling analysis for one TN: most of the sampling is carried out at very low
frequencies, therefore not allowing equipment level degradation studies.

of magnitude higher [123]. The Nyquist-Shannon sampling theorem states that if a
system uniformly samples an analog signal at a rate that exceeds the signal’s highest
frequency by at least a factor of two, the original analog signal can be perfectly
recovered from the discrete values produced by sampling. There are two important
points in this definition: the first one is the mere "factor of 2" which is definitely not
satisfied in our timeseries. The second important point is that the samples must be
uniformly distributed. This is definitely not satisfied, as the PV recording principle
leads to extensive instant where no data are available for extended minutes. As a
result, raw time series cannot faithfully represent aircraft, dynamics, maneuvers, or
actuator dynamics.

Recent trends in signal processing are increasingly focused on upsampling tech-
niques applied to time series data to enhance data mining capabilities [124]. These
techniques, often utilizing deep learning tools, typically train models on small
batches of high-frequency data that can then be applied to low-frequency datasets.
However, in this particular instance, we were unable to identify any reliable high-
frequency batches. Furthermore, incorporating high-frequency data into an HUMS
sequence without data may lead to spurious and unrealistic maneuvers. Given that
empty sequences can last from seconds to minutes, there is no information on the
trajectory of the aircraft during these intervals. Consequently, the application of
upsampling techniques to improve data interpretation is deemed to be inapplicable,
as the resulting data cannot be trusted to accurately represent aircraft or actuator
dynamics.
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(a) Flight 1 (b) Flight 74 (c) Flight 138

Fig. 5.7 Speed–force working-point maps for three representative flights (Flights 1, 74,
and 138) of the same PAS SN. No consistent evolution or separable trend is observed
across flights, suggesting that a low-level physics fault-to-failure degradation path cannot be
reliably identified from the available signals alone and motivating the adoption of alternative
techniques.

Speed-Force Diagrams

Given the lack of actuator signals, as already mentioned in Section 4.1.1, a possible
way to identify some degradation process in the actuator is the use of bidimensional
maps that report for a subset of flights the working points of the actuator speed with
respect to the force provided by the actuator at each time point. In particular, the
speed is obtained by the derivative of the position trend, and the obtained signal is
then filtered to exclude spurious data created by the very low sampling rate. The force
on the HT is already saved in the FPs and has been used as is. This is carried out for
each point in the time series data and the final graph should provide some indication
on the presence of a fault-to-failure process. However, the plots do not appear to
show any consistent trend because of the very low sampling rate and the lack of
actuator data to follow. This analysis led to the conclusion that the identification
of a degradation path through the available signals was not feasible and that other
techniques were needed.

For instance, Figure 5.7 illustrates three representative speed–force working-point
maps (Flights 1, 74, and 138) built from the available HUMS-derived information
for the same SN PAS. Actuator speed is approximated as the time-derivative of the
position trace and filtered to mitigate spurious effects induced by the low sampling
rate, while the corresponding HT force is taken directly from the computed fault
precursors. Each scatter point represents an instantaneous operating condition during
the flight. As shown, the maps do not exhibit a clear or repeatable evolution across
flights, confirming that the identification of a meaningful degradation trajectory from
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the available signals is not feasible in this dataset and motivating the adoption of
alternative approaches.

Bath-tub curve

Bathtub curves are trends used in reliability engineering to represent the failure rate
of a component, system, or asset over its lifecycle. Its name is inspired by the typical
shape that it assumes for mechanical systems, as it highlights three distinct phases of
failure probability. The first phase, often called the infant Mortality (Early Failures)
phase, shows a decreasing failure rate. Literature indicates the cause could be traced
back to manufacturing defects, design flaws, or improper installation. These issues
decrease over time, and, as a result, the failure rate decreases as well, reaching a stable
plateau of constant failure rate. This is the second phase, which indeed highlights
random stress events or external factors which may lead to unexpected breakdowns
during stable operational periods. Finally, the wear-Out (End-of-Life Failures) phase
is characterized by a sharp increase of the failure rate as the components begin to
degrade due to fatigue, corrosion, or cumulative wear. This phase underscores the
age of the equipment that is approaching end-of-life. The described trend is usually
associated with mechanical equipment, and the failure rate is often imposed as a
design requirement and verified through chain relationship between components
with data obtained through spreadsheets, reference manuals, parallels with similar
equipment or experimental tests. On the other hand, purely electronic equipment or
software reliability is often modeled using other models since this kind of equipment
does not suffer mechanical wear.

Insights have been derived from the analysis of URs logistical data across the
entire PAS fleet. Figure 5.8 illustrates the frequency of PAS URs in relation to
the Operating Hours (OH) written on the register for each UR. The use of relative
occurrence was essential to normalize the number of URs at specific OH values
based on the total number of PAS that reached those thresholds. Attempting to apply
this normalization would have resulted in a biased analysis because of the limited
number of PAS serial numbers that achieve elevated OH values.

The graph indicates a pronounced downward trend that corresponds to the initial
decline characteristic of a bathtub curve. This pattern suggests that the majority
of recorded URs occur early in the actuator’s life-cycle. As already stated, during
the early phase of this curve, often referred to as the "burn-in period," the failure
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Fig. 5.8 Occurrences of UR events in function of the OHs reached at the UR event.

rate tends to be variable; it typically decreases due to various factors associated
with phenomena identified as infant mortality in equipment registers. Consequently,
these initial failures do not represent degradation, but rather stem from unpredictable
malfunctions. Such failures are difficult to predict because of the lack of a funda-
mental degradation mode. This analysis highlights that the framework output may
be more reliable as the fleet accumulates FHs, and a more solid statistical base will
be achieved.

Finally, it should be noted that most of the excluded URs were located in the first
bin, highlighting that those URs were probably caused by impromptu failures linked
to infant mortality, loading issues, etc. These kinds of failure cannot be predicted
due to the absence of an underlying degradation mode and hence have been excluded
from the analysis.

Figure 5.9 reports the distribution of the number of URs experienced by each PAS
serial number (SN) over its service life. Overall, the UR count per unit is low: no
PAS exhibits more than three URs (and only one reaches three), while the majority of
units experienced two, one, or zero UR events. This scarcity of failure/maintenance
events further increases the difficulty of drawing statistically robust conclusions
at the individual-SN level and reinforces the limitations already suggested by the
bathtub-curve representation.
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Fig. 5.9 Distribution of unscheduled removals (URs) per PAS serial number (SN). Pie chart
showing the share of PAS units that experienced 0, 1, 2, or 3 UR events over their service
life.

Flight statistics

An additional statistical insight was obtained from analyzing flight durations. Figure
5.10 presents a box plot that illustrates the flight times across the entire fleet. The
analysis indicates an average flight duration of 58 minutes, consistent with training
purposes of the AJT under study. The outliers observed in the data are associated
with extended training sessions that involve external fuel tanks or transfer flights. In
contrast, shorter flights are mainly attributed to test flights or brief training missions.

Data availability

To support the technical analyses aimed at identifying and deriving CI, a dedicated
assessment of data availability was performed. Specifically, we generated data-
availability timelines to visualize, for each PAS SN, the time intervals in which the
different data sources are present or missing, and to highlight potential inconsisten-
cies across databases like the one reported in 5.11.

The first timeline refers to the FH register: periods with no records are shown
in red, the interval between the first and last available records is highlighted in
light green, and the specific dates on which FH were recorded are shown in dark
green. The second timeline represents the availability of HUMS files, using the same
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Fig. 5.10 Flight duration statistics.

Fig. 5.11 An anonymized example of an availability chart.
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convention (light green for the overall coverage window and dark green for recording
dates).

The subsequent timelines summarize maintenance-related information. URs
from operational databases are displayed as vertical event markers within the corre-
sponding temporal span of the records. The availability of scheduled maintenance
data is also reported to contextualize UR events within the planned maintenance
activity.

Finally, two timelines are derived from the Equipment Registers dataset. The
first depicts the Equipment Registers data coverage window (defined by the first
loading date and the last update date) and overlays UR events, distinguishing differ-
ent removal causes (e.g., failure-driven removals versus swaps) and reporting the
associated failure code when available. The second LC timeline complements the
previous one by reporting configuration-management information, i.e., the aircraft
on which each PAS was installed and the corresponding installation periods, thereby
enabling a clear reconstruction of the component operational history.

This type of analysis was systematically carried out for all PAS SNs, with the
dual objective of (i) identifying data gaps and cross-source inconsistencies that may
bias FP extraction and subsequent PHM modeling, and (ii) outlining actionable
opportunities to improve the industrial data management and integration process.
Although this activity is not strictly an engineering analysis of system physics, it is a
critical enabler for PHM on legacy equipment, where heterogeneous repositories,
incomplete histories, and imperfect traceability are often the dominant practical
constraints to robust condition monitoring and prognostics. For example, Figure 5.11
presents an anonymized example of an availability chart.

Correlation Matrices

In the context of the analysis of CF trends, as commonly performed during Ex-
ploratory Data Analysis (EDA), a set of correlation matrices for the CFs has been
performed to highlight possible duplicates in signals. More in detail, a correlation
matrix is a statistical tool utilized to summarize and investigate the relationships
among multiple variables within a dataset. Each cell in the matrix contains a correla-
tion coefficient that quantifies the strength and direction of the linear relationship
between the two corresponding variables. Correlation matrices are particularly valu-
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able in EDAs, as they help researchers identify patterns, detect dependencies among
variables, and make informed decisions for subsequent statistical modeling, such as
regression analysis.

The formula for calculating the correlation coefficient between two variables X
and Y can be expressed by Equation 5.11

ρX ,Y =
Cov(X ,Y )

σX σY
(5.11)

Where:

• ρX ,Y refers to the correlation coefficient between variables X and Y .

• Cov(X ,Y ) refers to the covariance between X and Y .

• σX indicates the standard deviation of variable X .

• σY indicates the standard deviation of variable Y .

In particular, to analyze the FP temporal evolution identified through the SMs,
correlation matrices were constructed at the aircraft level using 50 FPs derived
from SM features. Only raw signals were used without including synthetic features.
Specifically, for each flight, the first four SM were calculated and combined into a
single feature vector representing the flight conditions. These feature vectors formed
a dataset for each aircraft. Correlation matrices were then computed across the 50
FPs within this dataset, providing a summary of the dependence structure among
FPs at the aircraft level. To evaluate the consistency of these correlation patterns
across the entire fleet, the individual aircraft correlation matrices were aggregated
by calculating their element-wise mean and standard deviation. This approach
enabled the quantification of the average correlation structure and its variability
across different aircraft, thereby assessing whether similar trends are observed at the
fleet level.

For reasons of brevity, only the correlation matrices obtained from the kurtosis-
based FPs are reported in this thesis. In particular, the following matrices are reported:
(i) the kurtosis correlation matrix for a single representative aircraft—specifically,
the oldest unit in the fleet and the one with the highest accumulated flight hours
(Figure 5.12); together with (ii) the element-wise mean correlation matrix across all
aircraft (Figure 5.13) and (iii) the corresponding element-wise standard deviation
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matrix computed across all aircraft (Figure 5.14). Equivalent correlation matrices
were computed for all SM descriptors and for all aircraft, but are not included here
for the sake of conciseness. From an engineering perspective, these matrices provide
a description of the underlying flight-mechanics couplings among variables. Strong
(positive or negative) correlations highlight consistent co-variations driven by shared
load paths, control actions, and operational regimes. Figure 5.14 shows that the the
deviation is overall minimal and that the average matrix can be representative for the
whole fleet. In fact, all variance values are very low with the highest (0.31) related
to the Mx moment applied to the right HT and the Mx applied to the left HT. This
may be justified by the fact that in the lateral-directional plane, these surfaces are
often the main ones employed to change the direction of the flight. As a result, a
possible conclusion is that despite the very low variability, this correlation is the one
which better discerns the different flights. This is justified by the fact that another
of the highest value (0.23) is linked to the correlation value between the lateral and
longitudinal position of the pilot control stick. If we now take a look at Figure
5.13, where the kurtosis based trends are analyzed, we can see some interesting
trends. For instance, the buffeting coefficients are substantially uncorrelated from
the other variables together with flap position, pedal position, while the force FZ and
the moment Mx applied on the left HT appear to be strongly correlated with the same
signals on the right HT. Other flight mechanics relations are clearly visible: loads
and angular speeds are correlated and the loads on the fuselage reflect their influence
on the tail moments and forces. For instance, the force FX on the fuselage is strongly
correlated with NX the moment MZ and the force FX acting on the HT. Finally, as
expected, the static temperature shows a correlation with the pressure altitude and
the Mach shows a strong correlation with the TAS. These analyses were essential
for presenting the results to fleet managers and maintenance personnel, facilitating
further investigation of the relationships among variables and providing statistical
validation for the correlation function.

FH and UR analyses

A specific analysis focused on a study that investigated a possible correlation between
aircraft usage in terms of FHs and the number of failures. In this case, only the
aircraft TN is considered without explicitly accounting for the swapping and changes
of PAS SNs. The results show no evident correlation between sheer usage and the
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Fig. 5.12 Kurtosis correlation matrix. Correlation matrix of the 50 kurtosis-based FPs
computed for the selected aircraft (oldest unit in the fleet and highest accumulated flight
hours).
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Fig. 5.13 Element-wise mean correlation matrix of the 50 kurtosis-based FPs across all
aircraft, summarizing the average dependence structure at fleet level.
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Fig. 5.14 Element-wise standard deviation of the correlation matrices of the 50 kurtosis-based
FPs across all aircraft, quantifying inter-aircraft variability in the correlation structure.
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Fig. 5.15 Bar plot of FHs and number of URs for each aircraft.

number of URs related to HT PAS in a specific TN. Figure 5.15 shows a bar graph
showing the total FH flown by each TN fleet and the total UR related to the PAS
suffered. It is clear that no correlation can be found between the number of failures
and the flight hours. An additional statistical analysis is performed by looking at the
Pearson’s coefficient: considering a standard significance level of 0.05, a low value
of 0.314 can be seen with a P-value of 0.154. In conclusion, the number of flight
hours is deemed not to be associated with the number of HT-related failures at all.

5.2 Flight Clustering Module

The Flight Clustering Module (FCM), part of the Data Processing, Features &
Prognosis Layer, makes use of altitude trends to create a set of flight clusters defined
as Clustered Mission Types (CMTs). In this case, it is helpful to review the primary
structure of the PHM framework to better understand the interactions of the FCM
within the other modules, as illustrated in Figure 5.16. This flowchart provides an
alternative but equivalent perspective to the layered overview presented in Figure
3.2, with the FCM highlighted with a thicker frame.
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The FCM module aims to group and classify flights according to their mission
profiles and identify distinct CMTs that can be used to predict future aircraft usage.
The fundamental principles of FCM are reported in a published conference paper
[7].

To link actuator prognostics with aircraft use, it is important to accurately describe
and quantify mission profiles [85]. An effective approach is to group similar flights
into clusters and associate each cluster with a defined probabilistic pattern of expected
actuator usage. Once this classification is available, it becomes possible to simulate
damage evolution by assembling sequences of missions, whether for short-term
planning or long-term projections. As a result, the clustering process becomes a
central part of the broader PHM system, providing a connection between operational
data and component-level health estimation. A breakdown of the FCM is reported in
Figure 5.17, while a detailed view of the Custom Pre-processing block is reported
in Figure 5.18. These figures clarify the internal logic of the module and to make
explicit how the different inputs are transformed into the final sequence of future
CMTs. In particular, Figure 5.17 provides a system-level view of the full workflow,
showing how clustering data, simulation horizon, and flight plan are combined
through SOM-based processing, CMT extraction, and short-/long-term sequence
generation. Figure 5.18, in turn, focuses on the first stage of this workflow, detailing
the operations required to convert raw fleet flight data into a standardized time-series
dataset suitable for SOM training. These pictures provide a more in-depth analysis
of the overall layered PHM framework presented in Figure 3.2, with a focus on the
interaction between the FCM and the other modules as a standalone process.

As soon as the Clustering Data is inherited from the Pre-processing module, it is
sent to the Custom Pre-processing block which performs additional pre-processing,
specifically for clusterization, to the data. First, since clustering is performed on a
carefully selected subset of the available dataset, the relevant data subset is selected.
This subset captures the diversity of missions without overloading the clustering
process with redundant patterns. This subset was obtained from data collected from
four specific aircraft, totaling more than 3,000 flights. These aircraft were selected as
representative of the overall fleet because they are among the oldest in service, have
accumulated the highest number of flights, and have operated across different bases.

Altitude has been selected as the primary parameter for this analytical framework
because of three main factors.
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Fig. 5.16 Flowchart of the PHM framework. Each color represents a functional layer:
blue represents Layer 1 (Data Management, ETL & Pre-processing), yellow Layer 2 (Data
Processing, Features & Prognosis), and red Layer 3 (Health Management, Strategies &
Support). The location of the Flight Clustering Module is highlighted by thick edges. Green
identifies data sources (internal or external), while purple highlights the framework output.
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Fig. 5.17 Flowchart of the FCM module. The blue circles represent module inputs whereas
the green circles represent the module output.
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• First, altitude trends demonstrate a robust correlation with horizontal tail (HT)
performance in the longitudinal plane, providing valuable insights into the
aircraft’s dynamic behavior. Despite the fact that the AJT is equipped with an
all-moving HT that merges the functions of the stabilizer and elevator, the main
flight mechanics plane which is impacted by its movement is the longitudinal
one. Altitude is deemed the best FP to concentrate HT usage in relation to the
aircraft macroscopic movements.

• Second, mission profiles are traditionally and consistently represented through
altitude-based graphical visualizations, enabling standardized analysis across
different flight scenarios.

• Third, altitude-based analysis offers an intuitive and easily comprehensible
approach to understanding aircraft performance, making it an accessible metric
for various stakeholders involved in aircraft operation and maintenance [125].
This choice of parameter facilitates both technical and practical applicability
in monitoring and grouping aircraft operations.

The cluster analysis has been performed on a subset of flights to limit the compu-
tational cost. In fact, clustering operations on time-series data are very demanding,
and it is deemed that the variety of flights can be represented enough in a smaller
subset of flights. Thus, a training subset comprising more than 3,000 flights for a
total of four TNs has been selected. A tailored pre-processing technique designed
for this analysis has been created that includes resampling reshaping, scaling, and
final resampling.

As shown in Figure 5.18, each flight altitude time series has been initially
resampled at a uniform rate of 1 Hz using linear interpolation. The resulting data
have then been formatted into a custom Python time series structure. Following
this, variance-based standardization was applied to normalize the data across the
dataset. Finally, each flight has been resampled again at a fixed length of 1000
data points, producing a consistent input shape of 1 × 1000. This final resampling
step is necessary to comply with the input requirements of the SOM algorithm,
which requires a uniform time series length across samples. The choice of 1,000
points has been chosen considering the average flight duration (approximately 1
hour) and represents a balance between capturing sufficient temporal detail and
maintaining low computational costs. Once preprocessed, the altitude time series
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Fig. 5.18 Custom pre-processing flowchart: a detailed view of the "Custom Pre-processing"
block of Figure 5.17.

were passed into a SOM model (whose hyperparameters have been previously tuned)
specifically adapted for time series clustering to account for the visualization of
temporal misalignments. The Python package MiniSom was used in this project
[126].

From a data perspective, flight data can be categorized as a multivariate time
series dataset whose altitude trend represents a univariate time series. From the task
point of view, given the lack of labels identifying the mission performed during
flights, unsupervised clustering remains the only viable option. The review of time-
series clustering reveals a limited array of options available in the current literature.
Recent reviews highlight a clear progression from traditional clustering pipelines
to neural and self-supervised approaches but with still limited options. [127, 128].
Among the most commonly utilized methods are time-series k-means [129, 130],
k-shape [131], and Self-Organizing Maps (SOMs) [132]. The decision to employ
SOMs is primarily motivated by several advantages that they offer, including lower
computational costs, ease of implementation, and exceptional interpretability of
results due to their powerful ability to reduce data dimensionality. Additionally,
deep self-supervised encoders learn task-agnostic embeddings that can be clustered
downstream. In the context of the presented PHM setting, which involves unlabeled
univariate data prioritizing interpretability, efficiency, and deployability, a SOM
offers an optimal solution. SOMs learn a two-dimensional grid that preserves
topology, transforming the latent space into an interpretable map of operational
clusters. Clusters naturally form as coherent regions in the U-matrix with physically
meaningful prototypes that can be examined by engineers. This approach requires no
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Fig. 5.19 Graphical representation of the SOM 10x10 grid along with the neighborhood
space whose weights are impacted by the neuron training.

extensive time alignment and, unlike deep learning architectures that often involve
complex hyperparameter tuning and data augmentation, SOMs are computationally
efficient, scale effectively to large datasets, and can be trained rapidly on standard
hardware. Additionally, SOMs support incremental updates when new data become
available, making them particularly suitable for fleet monitoring applications. Let us
now consider n as the number of time series (≃ 3000), m as the length of each series
(1000), k as the number of clusters (if known), G the number of SOM prototypes and
E the number of training epochs. From a computational standpoint, k-Shape requires
per-iteration complexity O

(
max{nkm logm, nm2, km3}

)
[133]. Soft-DTW k-means

incurs quadratic cost in the sequence length m, yielding O(nkm2) per iteration plus
barycenter updates [134]. In this context, the Soft-DTW barycenter is the sequence
that minimizes the total Soft-DTW distance to all time series assigned to the cluster.
In other words, it is the “average” time series under elastic temporal alignment. In
contrast, a SOM compares each series with G prototypes and updates neighbors,
training in O(nGmE) and inferring in O(Gm) per series, without building full n×n
distance matrices. For instance, when tested over a small subset (250) of the flight
databases, the SOM run in 0.24 % of the k-shape running time and comparable time
(around 4s) with respect to K-means.
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SOMs, also referred to as Kohonen maps, are a type of unsupervised machine
learning technique that use competitive learning, rather than error-correction learning
techniques, such as backpropagation with gradient descent, to organize data into
multi-dimensional maps (Figure 5.19). In other words, they are a type of neural
network that establishes a topological relationship between clusters of data. Since
their introduction, SOMs have been used across a range of application domains,
including biology, geology, healthcare, industry, and geography as an effective
and interpretable tool for exploring, clustering, and visualizing high-dimensional
data sets. SOMs operate in two distinct phases: training and mapping. In the
training phase, a dataset, referred to as the "input space", is processed to construct a
lower-dimensional representation of the input data, called the "map space." In the
mapping phase, the system classifies new input data based on the established map.
Competitive training differs from traditional learning techniques commonly used in
AI and involves several key steps that enable the network to learn from input data
through a competitive learning process.

1. Initialization. Initially, the weights of the neurons in the SOM are randomly
assigned to small values. Each neuron in the output layer corresponds to a
weight vector that represents a point in the input space. A seed can be decided
so that the test can be repeated accordingly.

2. Training. During this phase, an input sample is selected from the training
dataset. The SOM calculates the Euclidean distance between this input training
vector and the weight vectors of all neurons on the map. The neuron with the
smallest distance to the input vector is identified as the Best Matching Unit
(BMU). This process can be mathematically expressed as follows:

j = argmin
k
∥x−wk∥ (5.12)

where x is the input vector, wk is the weight vector of neuron k, and j is the
index of the BMU.

3. Weights update. After identifying the BMU, the SOM determines which neigh-
boring neurons should also be updated. This is done using a neighborhood
function that defines how far from the BMU other neurons can be affected by
the learning process. The influence decreases with distance from the BMU.
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In this step, both the BMU and its neighboring neurons adjust their weights to
become more similar to the input vector. The weight update rule is given by:

w j(t +1) = w j(t)+λ (t) ·h j,k · (x−w j(t)) (5.13)

where: t is the current iteration, λ (t) is the learning rate at time t, h j,k is the
neighborhood function that determines how much influence the neuron j has
based on its distance from the BMU (in this case a Gaussian function), x is the
input vector and w j(t) is the weight vector of the neuron j.

4. Iterations. The above steps are repeated for a predetermined number of itera-
tions.

SOMs consist of a network composed of two layers: an input layer and an output
layer of interconnected nodes, commonly referred to as neurons or units. Typically,
the topology of the output layer is designed as a two-dimensional grid, allowing
for straightforward visualization. This ability to visualize the data makes SOM a
particularly interpretable clustering method, and this method allows for an intuitive
visualization of complex data structures. In fact, in this case, each flight is assigned
to the best position in the map (called Best Matching Unit - BMU) and this can be
easily visualized in a grid. Once the SOM hyperparameters, such as map dimensions,
sigma, and learning rate, are determined, the map is trained using a subset of altitude
trends from the dataset. To quantify the clustering results and select appropriate
network hyperparameters, classical SOM metrics are used. The architecture of SOMs
facilitates a one-to-one correspondence between map cells and clusters, resulting
in the identification of distinct clusters that correspond to individual cells within
the map. In particular, SOMs can be employed to cluster data in two main ways.
On the one hand, one can assign each grid position to a cluster and hence set the
number of clusters a-priori based on SOM performance metrics. On the other hand,
clustering can be performed even after, by looking at how the SOM has been trained
with the help of the U-Matrix (Unified Distance Matrix). This special representation
visualizes the distances between neurons (or nodes) in the SOM, providing valuable
insights into the structure and clustering of the data represented by the map. The U-
Matrix is created by calculating the distances between adjacent neurons in the SOM.
These distances are then visually represented, typically utilizing a color gradient in
which:
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• Dark colors highlight the distances between adjacent neurons, suggesting a
significant gap in the underlying data. This may be interpreted as a boundary
between clusters.

• Light colors underscore that the neurons are close to each other, suggesting
that they represent similar data points and can be categorized within the same
cluster.

The second level clustering can be applied on the U-matrix with a wide range of
clustering algorithms such as K-means, hierarchical clustering, DB-Scan, etc. This
visualization facilitates an intuitive understanding of how data points are grouped
within the high-dimensional input space, even without prior knowledge of the clusters.
The U-Matrix effectively delineates clusters and their separations, simplifying the
process of identifying patterns within complex datasets.

If the advantages of employing SOMs are clear and are mainly related to the
intuitiveness of the results, some difficulties arises in the way the performance of
SOM results are assessed. In fact, most of the time the training results cannot be
compared with a labeled data set. For these reasons, a wide range of metrics have
been created to try and provide some indications on the hyperparameter tuning as
well as on the overall results. The metrics are often divided into internal and external
metrics, with the former using only the data properties to calculate the metric and the
latter, which is related to the data labels (when available). The most common internal
metrics are the topographic error, the quantization error, the combined error, and the
topographic product. The quantization error measures the average distance between
each input vector and its BMU on the map. It represents how accurately the SOM
weight vectors match the input data patterns. The lower quantization error indicates
a better representation of the data by the SOM. The topographic error evaluates
how well the SOM preserves the topological structure of the input data during the
mapping process. It specifically measures the degree to which the relationships
between data points in the input space are maintained in the output space represented
by the SOM. The topographic error is defined as the average geometric distance
between the BMU and the second-best matching unit for each input vector. If these
two units are neighbors on the map, it indicates that the topology has been preserved
for that input. Topographic error is essential for evaluating local discontinuities in
mapping, which can impact how well a SOM captures complex patterns in high-
dimensional data. The combined error is a way to merge the information provided
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by the quantization and topographic error. The topographic product assesses the
preservation of neighborhood relationships between the input space and the resulting
map. This measurement relies solely on the prototype vectors and the topology of the
map. It can indicate whether the dimensionality of the map is suitable for adequately
representing the dataset or if it has introduced neighborhood violations due to map
distortions. As a result, it can be used to guide the aspect ratio of the output map,
since it serves as a criterion for optimizing the dimensionality and structure of the
SOM output space.

Despite the popularity of applications leveraging SOM high dimensionality
reduction capabilities, the applications involving time series analysis are definitely
scarcer. As a result, a hyperparameter tuning pipeline had to be designed. The
first part of the tuning focused primarily on two key parameters: the total number
of clusters and the aspect ratio of the SOM grid. Although common heuristics
suggest estimating the number of clusters as 5 ·

√
Numbero f Inputs, this formulation

produced an impractical high number for operational use (216). We set the number of
clusters to 100 after trial-and-error tuning to balance interpretability and resolution,
incorporating feedback from operations personnel. The map aspect ratio, defined as
the ratio between the number of neurons along the horizontal and vertical dimensions
of the SOM grid, was optimized by evaluating the topographic product, a metric
that quantifies how well neighborhood relationships in the input space are preserved
after projection onto the map. In general, values closer to zero indicate a better
preservation of topology, whereas larger negative values indicate a poorer mapping
quality. This metric has been adopted in several SOM optimization studies to
guide the selection of a suitable grid geometry [135]. Figure 5.20 shows the mean
topographic product obtained for different SOM shapes having the same total number
of neurons but different aspect ratios, ranging from highly elongated grids to a square
grid. On the x-axis, each label reports both the aspect ratio and the corresponding
grid shape; for example, 100 corresponds to a 100 by 1 map, whereas 1.0 corresponds
to a 10 by 10 square map. The red line represents the mean topographic product
over 10 independent trainings for each configuration, while the blue shaded band
represents the associated standard deviation, thus providing an indication of the
variability due to random initialization. The results show a clear improvement as
the map becomes less elongated and more balanced, with the topographic product
progressively approaching zero. The best result is obtained for aspect ratio 1.0,
corresponding to the 10 by 10 square grid, which therefore provides the most suitable
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Fig. 5.20 Topographic product trend in function of the aspect ratio along with the standard
deviation band. In this instance, the SOM was trained considering the other parameters as
default values.

geometry in terms of topology preservation. To ensure statistical consistency and
reduce the effect of random initialization, each SOM configuration with fixed aspect
ratio was trained independently 10 times. The next step has involved the selection of
the two main hyperparameters: sigma and the learning rate. In particular, an end-
to-end hyperparameter tuning pipeline based on grid search is proposed as reported
in the pseudocode 1, exploring a total of 504 parameter combinations. The scoring
S is defined in Eq. 5.14. After the selection of these last parameters, the network
topology is fixed and the SOM architecture is ready to be trained and employed in the
FCM. In fact, as already stated, SOMs operate in two distinct phases: training and
mapping. In the training phase, the input dataset is used to build a lower-dimensional
representation.

S = QE +T E +2 · (1−Urate) (5.14)

where QE is the quantization error, T E is the topographical error, and Urate repre-
sents the utilization rate (i.e., the percentage of neurons that are the BMU for at least
one flight). The tuning operation has been performed with a fixed seed to safeguard
reproducibility. The solution space is reported in the tridimensional graph in Figure
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Fig. 5.21 SOM hyperparameters 3D space: quantization error, topographical error and
utilization rate. Grid search has been used to identify the best parameters.

5.21: the final values of sigma and learning rate are 1.3 and 0.4, respectively. The
pseudo code to perform hyperparameter tuning is reported in the Algorithm 1 in
Appendix.

During this phase, the SOM learns to organize the input data by adjusting the
weights of its neurons based on their similarity to the input vectors. Each input is
compared to all neurons on the map, and the one with the closest BMU is identified.
The BMU and its neighboring neurons are then updated to more closely resemble
the input, gradually shaping the map to reflect the underlying structure of the dataset,
in a procedure called competitive training. Throughout training, various classical
SOM metrics are used to evaluate the quality of the clustering and guide the tuning
process. The training lasts 100 epochs as already after 50 the errors stabilize and
further epochs do not increase the accuracy of the model. Once training is complete,
the mapping phase begins. In this phase, new input data can be projected onto the
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trained map. Each new input is assigned to its BMU, effectively classifying it based
on the structure learned during training. This process enables intuitive visualization
and interpretation of complex, high-dimensional data by preserving topological
relationships, data points that are similar in the input space remain close together in
the map space, as better explained in the next paragraph.

The high explainability of SOMs is clearly illustrated by the joint interpretation
of Figure 5.22 and Figure 5.23. In both figures, the same (10 BY 10) SOM grid
is shown, where each square corresponds to one neuron of the map, and therefore
to one prototype flight profile learned during training. In Figure 5.22, each CMT
is associated with its winning neuron, that is, the neuron whose weight vector best
matches that specific flight. This allows each flight to be positioned on the map
according to its similarity with the learned prototypes. Figure 5.23, in turn, provides
the complementary information needed to interpret this arrangement: the U-matrix
reports the Euclidean distances between neighboring neurons in the weight space,
thereby highlighting where the map is locally homogeneous and where more marked
transitions occur, like a geographical map with hills and valleys. Low distances
indicate regions of similar neurons, whereas high distances identify boundaries
between different groups of flight profiles. For this reason, the two representations
are directly related and mutually complementary: the timeseries map shows where the
flights are placed, while the U-matrix explains how close or separated the underlying
neuron prototypes are. Together, they make it possible to visually identify clusters of
similar CMTs, understand transitions between different flight behaviors, and verify
that the optimized SOM training has organized similar nodes in neighboring regions
of the grid. The grid is now analyzed more in details.

As a lead-in fighter training platform, the AJT operates within a structured syl-
labus of recurring mission types, yet individual flights exhibit substantial variability
even within identical mission categories. A comprehensive analysis should incorpo-
rate both Figure 5.22 and Figure 5.23, as the information they present is interrelated.
For instance, the U-matrix highlights a mega cluster of similar CMTs in the center
of the grid; this indication is backed up by Figure 5.23 which tells us that that mega
cluster represents common cruise flights.

It is challenging from the mission profiles displayed in Figure 5.22 to associate
typical labeled mission. The AJT under investigation is a lead-in to fighter training
aircraft which therefore is characterized by recurring mission agenda, yet the flight
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Fig. 5.22 CMT clusters with associated altitude trends. The gray lines represent the combined
trends within each CMT, while the red line indicates the designated trend for that specific
CMT.
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Fig. 5.23 U-matrix for the trained SOM: dark regions indicate similar clusters while lighter
regions indicate non-similar clusters. The average number of flights per cluster is 32.5.

trends can vary drastically between flights of the same mission type. Nevertheless,
general considerations can be made. Steady high-altitude trends could be repre-
sentative of basic navigation missions, but could also be indicative of dog fighting
scenarios. Lower altitude trends before landing could likely be associated with ap-
proach missions. Low-altitude trends could be lastly representative of air-to-surface
situations. Finally, several altitude variations during single flights could be indicative
of formation flights or otherwise tactical missions. It should be mentioned at last
that single flights often combine several of the many mission types that make up a
full pilot training syllabus.

It is important to note that the observed similarities among certain CMTs should
not be interpreted as errors in data processing or clustering methodology. Rather,
these similarities reflect the effectiveness of the optimized 10-by-10 network topology
established during the hyper-parameter tuning phase. This approach has demon-
strated that these flight profiles are indeed common within the dataset, featuring
multiple CMTs with only minor variations in their characteristics.
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The choice of employing SOMs as a tool to cluster flight missions has been
justified by the lack to labeled flight at hand. It is clear that, if a label could be
assigned to each flight beforehand, completely different architectures could be
employed. However, since the available dataset is completely unlabeled, it is deemed
that SOMs are the best solution for this problem.

Common internal metrics include topographic error (0.033) [136], quantization
error (11.827), combined error [137], silhouette index (0.047), Davies-Bouldin index
(2.390593), and topographic product (0.1023) [138]. A quick implementation of
these metrics is provided in a Python package developed by [135]. The excellent
topographic error and product indicate strong topology preservation, demonstrating
that the SOM effectively maintains neighborhood relationships from the original high-
dimensional space to the two-dimensional map. Conversely, the low silhouette and
Davies-Bouldin indices suggest room for improvement, highlighting the challenges
in identifying well-separated, compact clusters due to the complexity of the data.

The creation of a SOM model is central for the next steps of the framework for
many reasons.

• CF Future Evolution. As indicated in Section 5.1, each flight is characterized
by a specific set of five CF increments (one for each CF) that outlines the
impact of that flight on CF trends. After assigning a CMT to each flight,
we can cluster the CF increments of flights that share the same CMT label.
This grouping allows us to create distinct distributions of increments tailored
to each CMT. Each CMT has a total of 5 distributions of increments (one
for each CF). In essence, by aggregating flight increments according to their
respective CMTs, we generate a set of five distributions that inherit the unique
characteristics associated with that type of sortie. Consequently, each CMT
is defined by a collection of five increment distributions that illustrate how it
influences the growth of the CFs.

• CMT Historical Distribution. The assignment of a CMT to each flight within
the training dataset facilitates the establishment of a statistical distribution
regarding the occurrence of CMTs. This distribution effectively identifies
which CMTs are more frequently observed and which are less common. The
historical distribution is illustrated in Figure 5.24 and can subsequently be
utilized to simulate a sequence of long-term future CMTs by sampling from
the established historical occurrence distribution.
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Fig. 5.24 Histogram representing the occurrences of flights for each CMT. This distribution
offers a solid way to simulate long-term flight mission sequences by sampling CMTs.

• A-posteriori Classification. It is now possible to use the trained SOM as a
classifier so that every new flight can be classified and linked to a specific
CMT.

The data obtained can be used to create a sequence of CMTs for the next flights.
The sequence creation can be created based on two different requirements: short-
to-mid term and long term prediction. The short-to-mid term approach can be used
when a fleet operator wants to assess the health status of the PAS for a set of known
future missions in the near future. In fact, once the specific missions for a specific
aircraft TN are known, these can be translated into CMTs and then assembled into a
sequence of CMTs for the next flights. On the other hand, a long term prediction can
be performed to assess the condition of the PAS without the need for a predefined
set of CMTs. In this case, the sequence of CMTs can be sampled based on the CMT
occurrence distribution and can be as long as desired, involving a wide range of
flights. The decision regarding which strategy to employ is made within the Health
Management, Strategies & Support Layer, which is why a dotted arrow connects the
two layers. Additional details on both short-to-mid and long-term simulations can
be found in Section 6, where the third layer is discussed in depth.

Figure 5.25 shows the process of CMT sequence assembly. The short to mid
term approach requires the information from a custom flight plan based on next flight
missions and provides more precise results while sampling from the historical CMT
distribution can provide long term predictions. Once the CMTs have been identified,
the sequence can be assembled.

Once the sequence of next flight CMTs of length NF ∈N has been assembled,
the Probabilistic Health Prediction Module can take the sequence as input and pro-
duce a probabilistic estimation of the CFs trends given the elaborated distributions.
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Fig. 5.25 CMT sequence assembly process. The CMTs can be obtained from a known set
of next missions (short-to-mid term) or sampled from the CMT distribution for a long term
prediction.

In conclusion, the Flight Clustering Module outputs the CFs increment distribu-
tions for each CMTs and the sequence of the next flights CMTs.

5.3 Probabilistic Health Predictions Module

The Probabilistic Health Prediction Module serves as the core of the PHM framework,
projecting CFs into the future based on the distributions of CF increments and the
sequence of upcoming CMTs.

To illustrate, let us consider a specific CF, such as the skewness of the right
horizontal tail work; this methodology can be similarly applied to other CFs without
any modifications. Although the framework is not explicitly built upon PF techniques,
the concept of particles can be effectively employed in this thesis to enhance clarity.
Particles are defined as discrete samples that represent potential states of the system;
in the context of this thesis, they represent the trends of the CFs. The actions
performed in this module can be broadly divided into two categories as follows:

1. Particle Creation
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2. Particle Projection

Particle Creation

The initial step involves the creation of the initial set of particles. Due to the limited
prior information regarding the system state, particles are generated on the basis of
Bayes’ theorem.

Bayes’ theorem is commonly considered as the foundation of Bayesian statistics,
providing a mathematical formulation aimed at the estimation of the probability of
a state based on prior knowledge of the system (i.e., the prior distribution) and the
likelihood distribution. In other words, Bayes’ Theorem provides a mathematical
framework for updating the probability of a hypothesis based on new evidence. It is
expressed as follows:

P(A|B) = P(B|A) ·P(A)
P(B)

(5.15)

where P(A|B) is the conditional probability of the event A given that event B
has occurred, P(B|A) is the probability of observing the event B given that A is
true, P(A) is the prior probability of A, and P(B) is the total probability of event
B. The prior distribution is usually determined from a thorough understanding of
the physical system and may assume a Gaussian shape or another custom shape if
relevant insights are available.

Prior Distribution In this analysis, the prior distribution reflects the increments of
the CFs across all PASs. The rationale for considering data from all PASs is that some
PASs may have more extensive historical records than others. Analyzing increments
associated only with a specific PAS may enhance precision for that particular system,
but could ultimately compromise the overall accuracy of the framework. In fact,
some PASs may have limited historical data, and generating particles based on a
probability distribution derived from scarce samples can lead to inaccuracies.

This is particularly critical since the generation of particles significantly influ-
ences the overall effectiveness of the framework; the initial particles represent the
starting points of CF trends, and inaccuracies at this stage may result in persistent
errors during the simulation phases. The prior distribution is fitted using a Student’s
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t-distribution, which is selected as the most appropriate fit for this context after a
fitting test with Distfit Python package and using RSS as the metric.

Likelihood Distribution Within the framework of Bayes’ theorem, likelihood
refers to the conditional probability of the observed evidence given a specific hypoth-
esis. It plays a crucial role in updating prior beliefs regarding the hypothesis in light
of new evidence.

In this case, the likelihood is determined by the increment distribution of the first
CMT in the sequence, as it is known that the CMT of the first flight in the upcoming
sequence is available. Using these distributions and applying Bayes’ theorem, the
initial set of particles is generated, consisting of 1,000 particles, denoted as NP ∈N .

Particle Projection

Each particle position is subsequently updated for each flight according to the
increments guided by the CMT sequence projected into the future. The resulting
trace, formed by connecting particle positions over time, illustrates a potential
evolution of the CF. This process occurs in parallel for each particle, resulting in
a total of 1,000 possible traces that provide a statistical basis for predicting CF
evolution. These traces, each representing a possible trend of the CF over time, are
constructed following the CMT sequence via Monte Carlo simulations.

Monte Carlo simulations are a mathematical technique commonly used to fore-
cast a range of possible outcomes for uncertain events through repeated random
sampling. Once the particles are generated through Bayes’ theorem, the process is
iterated for each new flight in the forthcoming flight sequence.

A new flight is characterized by its CMT, with each CMT linked to a specific
increment distribution. The process involves sampling a value from the CMT in-
crement distribution for each particle trace and repeating this operation until the
completion of the CMT sequence. This procedure can also be repeated for each
CF. Figure 5.26 offers a graphical representation of the particle projection process.
In particular, the assembled CMT sequence is inherited from the Flight Clustering
Module as already represented in Figure 5.25 and is here used as the basis for the
probabilistic projection. According to the increment distribution associated to the
CMT, an increment is sampled from the specific distribution (in red). This is the CF
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Fig. 5.26 Particle projection process. Each CMT is identified by its altitude trend as reported
in the blue plot inside the cube. Each CMT is linked to its red increments PDF, from which a
value is sampled.

increment for the next flight. This process is carried out for all CMTs in the sequence,
creating a CF trend. In other words, Monte-Carlo simulations are performed for a
total of NF times.

This process is carried out for each particle created during the creation process,
as shown in Figure 5.27 and Figure 5.28 where two distinct traces (denoted by
different colors) have been created following the explained process. Note that the
CMT sequence remains unchanged, as well as the increment distributions. What
changes is the sampled increment from the increment distributions.

The sole output of the Probabilistic Health Prediction Module is represented by
the future traces of the CFs, which will be further elaborated to obtain PoF and risk
indications. Figures 5.29a and 5.29b show the simulations carried out for PAS SN 9,
involving 1000 particles and 330 CMT simulation in the future.

In particular Figure 5.29a reports the single traces, whereas Figure 5.29b shows
the percentiles of the MC simulations along with the ground truth signal, highlighting
an excellent prediction ability even in the mid-term. More details along with the
methodology evaluation are reported in Section 5.4.1. Figure 5.30 shows the simula-
tion process at four different values of kp. More specifically, Figure 5.30 is related
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Fig. 5.27 Trace creation process for trace 1.

Fig. 5.28 Trace creation process for trace n-th.
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(a) MC traces whose particles have been initially
generated via Bayes theorem.

(b) Comparison between simulations and ground
truth.

Fig. 5.29 Examples of CF projections in the future through Monte-Carlo simulations for PAS
SN 9.

to a different SN than the one considered before to demonstrate the effectiveness
of the framework across multiple SNs, as better shown in Section 5.4.1 where the
validation of the strategy is reported.

This module’s forward-looking design enables a simple transition from a short-
to mid-term approach to a long-term perspective, as the only adjustment required
consists in the change of the next flight CMT sequence; the health prediction routine
itself remains consistent.

5.4 PoF and Risk Computation Module

The Probability of Failure (PoF) and Risk Computation Module utilizes CF traces
projections, as provided by the Probabilistic Health Prediction Module, to analyze
CFs trends in relation to the hazard threshold distribution derived from the Feature
Engineering Module. Thanks to the comparison between the PDF of the system
state in a time instant and the PDF of the hazard threshold, it is possible to calculate
the PoF and the risk that an UR happens at that time instant. There are multiple
formulations of the PoF in literature thanks to the different shape of the hazard
threshold. In fact, the hazard threshold may be deterministic (i.e. hard hazard zone
characterized by a single value) or probabilistic (i.e. soft hazard zone characterized
by a PDF), also called Uncertain Event Likelihood Functions (UELFs) [122].
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(a) Simulation with kp set to 56. (b) Simulation with kp set to 164.

(c) Simulation with kp set to 272. (d) Simulation with kp set to 380.

Fig. 5.30 MC simulations and results for PAS SN 56 with 1000 particles at four evenly
spaced values of kp with a final flight set to 600. The GT evolution is inside the prediction
cone, marked by the 95 percentile.
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A hard threshold, which can be re conducted to a deterministic threshold, is a
fixed, single value that delineates the boundary of the hazard zone. This approach is
characterized by its deterministic nature, where the threshold is a precise, unchanging
value. The assessment of one of the traces of the system state relative to the threshold
results in a binary outcome.

In contrast, a soft threshold is characterized by a PDF (i.e., UELF), indicating
that the hazard zone encompasses a range of values with associated probabilities
[139]. This approach reflects the inherent uncertainty and variability in the hazard
zone as well as epistemic and systematic uncertainties. The likelihood of the system
state being faulty increases progressively as it approaches and exceeds the threshold.

The hard threshold approach, even if simpler to implement and interpret due to its
binary nature, it is hardly applicable in real-life operations where greater flexibility
has to be taken into consideration. Moreover, as the system condition evolves over
time, several approaches can be used to compare the two PDFs by modeling the
distribution of the event time; representative examples include first-passage time
formulations [140–143] and first-hitting time models [144, 145].

For this purpose, let us assume that a prognostic analysis to predict the next UR
is performed at a time kp. The event E of interest corresponds to a PAS UR. As
already mentioned in the previous paragraphs, the two elements to consider are: the
representation of the state of the system in the future flights and the threshold.

In this case, the former is provided by Monte-Carlo simulations of CF trends. This
representation corresponds to the stochastic process Xkk∈N∪0, where the variable k is a
time index that takes values in the set of natural numbers (zero included) and indicates
the flight number. As common in the evolution of real-world dynamic systems, the
process approached in this study is characterized by Markovian proprieties, as the
future state is only dependent on the present state. In fact, the CF evolves in time
depending on the next CMT which is linked to the increment PDF. The system can
then be modeled according to Equation 5.16

xk+1 = f (xk,CMTk+1) (5.16)

where xk is the present state and CMTk+1 is the CMT of the next flight.
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On the other hand, the UELF can be defined as P(Ek = E |x) and can be obtained
as the cumulative density function of the PDF threshold according to the Feature
Engineering Module. It outlines the probability of an event E occurring at a specific
flight k, given the state of the system x, characterized by the evolution of the CF. It is
now possible to calculate the trend of the variable τε , which indicates the flight after
which the event E is most probable.

As carried out in [122], x(i)kp+1:k =
{

x(i)j

}k

j=kp+1
indicates the i-th trace from flight

kp to cycle k. i indicates a specific trace and, as a consequence, i ∈ 1,2, ...,NP, since
there are NP particles and traces.

The probability that the first event E occurs at flight k can be denoted as P(τε = k)
and calculated according to Equation 5.17 from [122].

P(τε = k) =
1
N

N

∑
i=1

[
P
(

Ek = E | x(i)k

)
·

k−1

∏
j=kp+1

(
1−P

(
Ek = E | x(i)j

))]
(5.17)

The PoF is hence calculated using the mathematical formulation reported in
Equation 5.17. Once the PoF trend is obtained, the risk trend can be computed by
the integration of the PoF trend in time, resulting in a curve which has a 0 to 100
range. From both a mathematical and management standpoint, incorporating risk
values into decision-making processes is considered as the most effective approach
for managing uncertainty. Risk quantifies the likelihood of an UR occurring, and
when risk reaches a value of 100 percent, it signifies absolute certainty of that event
having occurred. The user has the option to select their desired risk level; in the rest
of the paper the risk target value is set as 99 per cent. The Acuña risk trend [122] is
then passed to the Health Management, Strategies & Support Layer.

An example is provided in Figure 5.31, where the results of the Probability of Fail-
ure and Risk Computation Module are reported. The same CF "Work_RHT_Skew"
is considered and plotted against the PAS flight number. The PAS, SN 47, had
already suffered one UR at flight 291 and a prediction is performed a few flights
after the first UR (kp = 296). The results of the MC simulations are reported and
highlight an excellent simulation ability, noticeable by comparing the distributions
in the blue "fanchart" with the GT after kp. The second UR happened at flight 451,
as highlighted by the vertical thick orange line. The green trend represents the PoF
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Fig. 5.31 MC simulations and PoF/Risk results with 1000 particles for as many as 200
simulated flights starting at flight kp = 297. The GT after kp is reported and it is inside the
prediction "cone", marked by the 80 percentile. The PAS SN already suffered one UR at 291
flights and the second UR occurred at flight 451, as shown by the vertical orange line. A
sharp increase in risk can be noted due to the fact that, at kp, the PoF is already near its peak.
The prediction associated with 99 per cent risk is highlighted by the vertical dotted red line.

density, while the red curve trend represents the risk. It should be noted that the risk
reaches a high percentage before the actual UR occurred which implies that, although
precision can be improved with more data, failure is not missed (or underestimated),
thus raising confidence in the CF processing. A red dotted line is reported when
risk reaches 99 per cent, indicating a good estimate of the possible next UR. Further
details involving the evaluation through a literature established metric are reported
in Section 5.4.1.

5.4.1 Metrics & Discussion

A typical challenge related to the development and acceptance of PHM results is
linked to the wide range of applicable validation metrics. To make the analysis
more grounded and demonstrate the framework solidity and future potential, the
author decided to split the evaluation phase into two parts: the first linked to the
Probability Health Prediction Module to evaluate how well the predictions compare
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to the GT and the second part which assesses the PoF and Risk Computation Module
performance.

Probabilistic Health Prediction Module Performance Evaluation
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(a) Mean relative error between the CFs future
trends simulations and the GT.
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(b) Coverage probability inside the 95-th per-
centile.

Fig. 5.32 Box plot results of the metrics for the Probabilistic Health Predictions Module
evaluated at different simulation horizons across the whole PAS fleet. The median is
represented with the horizontal line inside the box, whereas the white dot inside the box
represents the mean. Both the mean relative error and the coverage probability highlight the
capability of this module in predicting the CF trend, with better performance in the medium
term.

Figures 5.32a and 5.32b show the statistics of the evaluation metrics chosen for
the Probabilistic Health Prediction Module, performed across the whole PAS fleet at
different simulated horizons. In particular, Figure 5.32a reports the box plot of the
mean relative error calculated between the mean of the probability cone and the GT
and shows a prediction performance with limited relative errors within acceptability
margins defined by the OEM, especially in the mid term. When the simulations are
carried out for more than 640 flights the mean of the error, despite being higher, still
is lower than 20 per cent. Figure 5.32b shows the probability that the 95th percentile
cone captures the actual GT. The results show extremely promising performance in
the short and mid horizon. In the 0-160 flight band the presence of some outliers
can be noted. This is because the prediction horizon is short and the probability that
the GT is outside of the cone is higher because the cone is very narrow. However,
the error in the same horizon band confirms that the GT does not differ much from
the prediction. These metrics confirm the Probabilistic Health Predictions Module
ability to simulate Cumulative Features (CFs) behavior.
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PoF and Risk Computation Module Performance Evaluation

The next paragraphs report the evaluation metrics for the Probability of Failure and
Risk Computation Module. The validation metric is calculated using a validation
subset of URs that meet two criteria: they must have occurred in the latter part of the
recorded data-set, and their reported causes must be directly related to prognosable
failures (in accordance with the information provided). These criteria exclude older
records, where data storing was not performed systematically and failures due to
unprognosable/unkown events (e.g., no information reported, vibration, actuator
locked, external leakage, etc.). Moreover, the predictions were performed by ex-
cluding the final CF value associated with each UR from its respective threshold
distribution. This method is similar to cross-validation, preventing contamination
between training and testing phases.

Multiple studies have tried to standardize the metrics panorama and a possible
solution is represented by the widely recognized α − λ curves, as explained in
Saxena et al. in [146, 147]. α − λ curves compare the actual RUL against the
predicted RUL. α refers to the acceptance bound of the uncertainty cone (typically
set at 20 %), while λ indicates the normalized time scale defined as λ = k

k f
where

k is the present time and k f indicates the time-to-failure. λ is hence plotted on the
x-axis. When λ equals one, the equipment has reached the UR. A normalized version
is often selected to compare different traces in a single graph: in this case various
SN with different age. Figure 5.33a shows an example of α−λ for a specific SN,
whereas Figure 5.33b shows the α−λ plot obtained for a set of 12 predictions in
the validation subset. The mean value is reported in blue along with the uncertainty
indication in a box-plot fashion at specific values of λ .

Despite the wide threshold PDF variance, Figure 12b shows promising results
as the mean is always inside the prediction cone. The system does converge for
the RUL estimation and, although suboptimal in terms of precision, provides useful
information from a maintenance perspective. This is consistent with the primary
objective of the framework: offering a reasonable time horizon for maintenance
personnel, rather than seeking the exact point of failure to perform just-in-time
maintenance. Moreover, it has to be noted that in most of the cases, the framework
is underestimating the actual RUL, showing to be conservative. This underlines once
again that the methodology is robust and is able to track degradation patters: it is
hence deemed that, once new data is logged and the threshold PDF is more precise,
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Fig. 5.33 Metric for the Probability of Failure and Risk Computation Module: α−λ plots
calculated when risk reaches 99 per cent.

the methodology will provide even better results, thus reducing the variance and the
linked inter quartile range especially at λ of 0.8 and higher. Since the degradation
processes are often specific to the particular failure modes, an additional step was
undertaken to reduce volatility in the hazard threshold. Each UR was classified
according to its specific removal reasons as already reported in Figure 4.8, and the
top five CF histograms were reviewed to identify potential patterns or sub-histograms
within the overall threshold.

Fig. 5.34 Fault Mode analysis on the "Work RHT skew" CF.
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For example, Figure 5.34 illustrates this detailed analysis for the RHT mechanical
work threshold using kurtosis. The histogram presented here corresponds to the one
shown in Figure 5.4, with colors indicating different failure modes. Unfortunately,
no clear patterns were identified, suggesting that further reduction of variance in the
resulting probability density function may not be feasible at this stage.



Chapter 6

Layer 3: Health Management,
Strategies, and Support

As already discussed in Section 5.3, the design of the Probabilistic Health Prediction
Module is inherently modular, enabling seamless interaction with the Health Manage-
ment, Strategies & Support Layer. This architecture allows both short- to mid-term
and long-term optimization strategies to be derived from a single, coherent risk
evaluation pipeline, thus supporting tailored maintenance and operational solutions
that can be adapted to different customer requirements and fleet contexts. At the
same time, it must be stressed that the effective implementation of any optimization
strategy in the field depends critically on the specific maintenance policies, regulatory
constraints, contractual agreements, and actual operational use of the assets. For
this reason, the present section does not prescribe a single practical implementation
path, nor does it claim to define a universal “optimal” policy. Instead, it discusses
a set of possible integration scenarios, illustrating how the outputs of the proposed
framework could be embedded within real-world maintenance planning and fleet
management processes, while leaving the detailed configuration and deployment to
the specific operational context in which the asset is employed.

6.1 Short to Mid-Term Methodologies

In the short- to mid-term scenario, the module is used as a tactical decision-support
tool by simulating a set of predefined CMTs and assessing the resulting evolution of
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the risk of URs. It should be noted that there is no direct forward correspondence
between a CMT and a unique mission type, as discussed previously, since different
missions may generate similar flight profiles and the clustering was performed on
signal trends rather than on mission labels. Nevertheless, if fleet managers or cus-
tomer training staff can provide an expected flight profile for an upcoming mission,
even in approximate form, this profile can be processed by the trained SOM and
associated with the most similar neuron, and thus with the corresponding CMT. In
this sense, the SOM does not identify the nominal mission category itself, but rather
maps the expected operational profile onto the closest cluster of historically observed
flight behaviors. More generally, this also opens the possibility of adopting a soft
assignment logic, in which a new profile is associated not only with a single CMT,
but with multiple CMTs weighted according to their degree of similarity (e.g., with
Gaussian Mixture Models (GMMs)), thereby supporting a more flexible represen-
tation. This “what-if” capability allows the operator to evaluate how alternative
mission sequences or tail assignments would impact the health and risk profile of the
monitored actuator.

On this basis, several practical decision logics can be built. For example, the
system can provide tail-number recommendations by ranking the available aircraft
for a given mission according to the incremental risk they incur, favoring tails with
healthier actuators for demanding mission profiles, and reserving more degraded
assets for less critical or shorter flights. Similarly, health-informed metrics can
support repositioning decisions (e.g., moving a tail with an at-risk component towards
an operating base with better maintenance capability or spare availability) or advise
opportunistic removals of PAS units when an upcoming sequence of severe missions
is foreseen and the predicted risk crosses operator-defined thresholds. These ideas
are consistent with recent work on integrating prognostics and CBM into fleet
maintenance scheduling, tail assignment, and airline decision-support frameworks,
where health information is embedded into optimization models for maintenance
scheduling and fleet assignment. Likewise, PHM-driven risk indicators have been
shown to be valuable for spare parts planning and condition-based ordering policies,
where predicted RUL and associated uncertainty guide when and where to position
critical components.

The key point is that all these tactical uses emerge without introducing new
sensors, by exploiting aircraft-level data to derive virtual health indicators for the
PAS and feeding them into existing operational research and planning processes.
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The proposed framework therefore provides the missing quantitative link between
mission planning, tail assignment, and component-level risk, while remaining mod-
ular enough to interface with different airline policies, network structures, and
optimization tools.

6.2 Long-Term Methodologies

In a longer-term perspective, the same framework can be operated in an “open-
loop” fashion by feeding it with prospective CMT sequences whose statistics are
derived from historical mission data. In practice, long-horizon usage scenarios can
be generated by sampling CMT sequences from empirically estimated distributions
(e.g., per squadron, training phase, season, or theatre of operation) and propagating
the corresponding CFs and hazard PDFs over an extended time horizon. This allows
the operator to evaluate how different long-term usage profiles (more aggressive
training syllabi, changes in deployment patterns, introduction of new mission types)
impact the aggregate risk of URs and removals at fleet level. The resulting risk trends
can then be exploited to support strategic maintenance optimization, spare parts
planning, and storage/repair capacity sizing, by providing quantitative forecasts of
expected failures and associated uncertainty over months or years rather than single
rotations.

A natural extension is the integration of this risk information within broader
logistics and lifecycle cost (LCC) frameworks. For example, predicted distributions
of future removals can be coupled with models of spare provisioning and inventory
control (min–max policies, base- and pool-level stocks, repair turnaround times) to
dimension the number and location of PAS spares needed to achieve desired service
levels and dispatch reliability targets. Likewise, long-term health predictions can
inform capacity planning for maintenance technicians, hangar slots, and test benches,
aligning manpower and infrastructure with the expected workload rather than relying
solely on historical averages or fixed-interval inspections. In a contractual setting,
such as power-by-the-hour or availability-based contracts, the same risk outputs can
be shared with the OEM to support joint decisions on overhaul strategies, repair
vs replace policies, and design improvements, thus linking PHM with LCC and
reliability-centered maintenance at a more strategic level.
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The specific actions implemented within the Health Management, Strategies &
Support Layer must, however, be designed around how the AJT operator actually
manages and operates the fleet. The exploitation of long-term risk trends should
be consistent with existing planning horizons (e.g., seasonal training plans, annual
budget cycles) and with the way missions and syllabus are structured. A practical
and intuitive implementation is to establish a direct mapping between CMTs and the
syllabus missions flown by trainee pilots: in this way, fleet managers can simulate
the impact of alternative training plans (e.g., front-loading demanding manoeuvres
vs distributing them over time) on actuator health and associated future removals.
Similar logic can be extended to deployment strategies, base assignments, and
rotation policies, enabling scenario analyses that combine operational effectiveness
with equipment preservation.



Chapter 7

Conclusions

Developing PHM systems capable of detecting abnormal behaviors and enhancing
maintenance management throughout the asset lifecycle is a complex yet rewarding
endeavor. This thesis has addressed the problem of implementing a PHM system
for a legacy AJT HT EHA, using only aircraft-level operational data and without
any modification to the existing hardware or avionics architecture. The work was
carried out under constraints that are typical of in-service aerospace platforms:
limited and low-frequency measurements, heterogeneous historical records, and
strict certification implications for any design change. Within this context, the thesis
has demonstrated that it is possible to extract meaningful health information from
non-dedicated data streams and to potentially convert it into decision support for
maintenance planning.

The core contribution of this thesis lies in the design, implementation, and eval-
uation of a PHM architecture that operates entirely on in-service data, sampled at
low frequency and collected for purposes other than PHM. The proposed framework
adopts a layered structure of functional modules, starting from raw flight and mainte-
nance data and progressing through feature extraction, health indicator construction,
probabilistic projection, and risk-oriented interpretation. Using statistical descriptors
of cumulative loads and usage, combined with Monte Carlo simulations and cluster-
ing techniques, the system produces probabilistic estimates of failure timeframes and
associated risk trends for the EHA fleet. Importantly, this is achieved without relying
on local condition-monitoring signals and without modifying aircraft hardware or
existing data management pipelines.
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From a scientific and technical standpoint, the thesis offers several contributions.
First, it provides a documented, end-to-end PHM framework tailored to legacy
aerospace platforms, bridging the gap between theoretical PHM concepts and the
realities of industrial implementation. Second, it shows that meaningful prognostic
information can be derived from aggregate aircraft-level data, provided that the
underlying physics of use and the operational context are carefully considered in the
design of health indicators. Third, it demonstrates that probabilistic prognostics, via
Monte Carlo simulation and clustering of projected behaviours, can be integrated into
a practical decision-support tool, yielding conservative yet actionable estimates of
remaining life and risk evolution. Finally, the work openly discusses and quantifies
the impact of incomplete failure information, limited data coverage, and legacy
constraints, thereby contributing a realistic benchmark for future PHM developments
in similar environments.

The metrics used to evaluate the results highlight both the strengths and the
current limits of the proposed approach. The predictions are deliberately conservative,
reflecting the scarcity of confirmed failure events and the incomplete description of
degradation mechanisms. Uncertainty bands remain relatively wide, especially in the
tails of the distributions. Yet, even under these conditions, the framework is capable
of distinguishing higher-risk units from those with safer usage profiles, of identifying
emerging trends at fleet level, and of providing a quantitative basis for maintenance
planning decisions. In a real industrial context, where decisions are often made under
uncertainty and with imperfect information, such conservative prognostic outputs
can still offer practival value by supporting prioritization, resource allocation, and
early warning.

A key aspect of this work is that all design choices were consistently aligned
with the constraints of a legacy platform: long service life, limited sensorization,
fixed avionics configuration, strict certification implications of any modification, and
fragmented historical records. Rather than treating these constraints as obstacles that
preclude PHM, the thesis has treated them as design requirements. The resulting
framework is robust, relatively simple to integrate, and conceptually transparent,
features that are crucial for acceptance by operators, maintainers, and regulators.
In this regard, the thesis not only presents a novel algorithm but also provides a
practical framework for integrating PHM into an existing ecosystem, addressing a
common and often overlooked challenge within the aerospace industry.
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The long-term impact of this approach extends beyond the specific AJT case.
The methodology is naturally compatible with other military and civil fleets where
mission profiles are well characterized and operational data are routinely collected,
even if at modest sampling rates. In civil aviation, where data volumes, fleet sizes,
and operational regularity are typically higher, the same principles could be applied
with even greater effectiveness. As more flight hours are flown and more events
(both failures and near-misses) are recorded, the statistical power of the framework
will increase. Over the aircraft life cycle, this will allow progressive refinement of
health indicators, calibration of probabilistic models, and, ultimately, a more precise
quantification of risk and remaining useful life. In other words, the framework is
designed not as a static tool, but as a growing system that learns from the evolving
experience of the fleet.

Moreover, the thesis opens several lines for future research and industrial de-
velopment. On the methodological side, the statistical features and Monte Carlo
projections developed here can be combined with more advanced machine learning
or hybrid physics-based/data-driven or even physics-informed models [148, 149],
provided that interpretability and robustness are preserved. Uncertainty quantifi-
cation can be further refined through more sophisticated probabilistic metrics and
calibration techniques, enabling a more rigorous assessment of prognostic quality
and confidence. On the system level, integrating the outputs of this PHM frame-
work with maintenance planning tools, logistic support analyses, and cost models
would allow moving from purely technical prognostics to fully fledged predictive
decision-making, where technical risk and economic impact are evaluated jointly.

From an industrial perspective, the thesis suggests a pragmatic roadmap for
organizations that wish to introduce PHM capabilities without embarking on costly
retrofit programmes. By showing that useful health information can be extracted
from existing data streams, the work lowers the perceived barrier to entry for PHM
and encourages incremental deployment. Fleet operators can start with limited-scope
applications, such as risk ranking of units, monitoring of critical sub-systems, or
support for campaign-based maintenance decisions, and progressively expand the
scope as data and experience accumulate. This incremental approach is particularly
relevant in industries where certification cycles are long, budgets are constrained,
and the tolerance for operational disruption is low.
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Finally, at a broader level, the thesis contributes to the ongoing evolution of
PHM from a promising research area to a mature component of asset management
in aerospace and related sectors. It does so by embracing the complexity and
imperfections of real industrial data, by explicitly acknowledging the compromises
inherent in legacy environments, and by demonstrating that meaningful gains can still
be achieved under these conditions. The work shows that PHM need not be reserved
only for newly designed “smart” platforms; it can also be retrofitted, conceptually,
onto existing fleets through careful exploitation of the data that are already available.

In conclusion, this thesis has provided a tested and documented PHM framework
for legacy aerospace systems and, equally importantly, a transparent discussion
of the design decisions, limitations, and trade-offs involved in its development. It
offers practical guidance for implementing prognostics in complex environments
characterized by limited and imperfect data; conditions that are, in fact, the norm
rather than the exception in aeronautics and many other industries. While the present
results are necessarily constrained by the available information, they delineate a
credible and validated pathway towards data-driven predictive maintenance for long-
lived platforms. As such, the work lays a foundation on which future research and
industrial initiatives can build, progressively advancing PHM from isolated case
studies to a standard, trusted component of aerospace maintenance practice.
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Algorithm 1 Enhanced SOM Hyperparameter Optimization
Require: Dataset X, patience p, threshold τ

Ensure: Optimal SOM parameters θ
∗, trained SOM M ∗

1: Split X→ (Xtrain,Xval)
2: Initialize parameter grid G
3: S ∗← ∞

4: for (σ ,α,T ) ∈ G do
5: Create SOM M with parameters (σ ,α)
6: (Tactual,conv)← TRAINSOM(M ,Xtrain,T, p,τ)
7: Compute errors: QEval,TEval
8: Compute utilization rate: Urate
9: S ← QEval +TEval +2(1−Urate)

10: if S < S ∗ then
11: θ

∗← (σ ,α,Tactual,conv)
12: S ∗←S , M ∗←M
13: end if
14: end for
15: return θ

∗, M ∗

16: function TRAINSOM(M , X, Tmax, p, τ)
17: QEprev← ∞, c← 0
18: for t = 1 to Tmax do
19: Train M for 1 iteration
20: if t mod 50 = 0 then
21: QEcurr← quantization error of M
22: if |QEprev−QEcurr|< τ then
23: c← c+1
24: if c≥ p then return (t,True)
25: end if
26: else
27: c← 0
28: end if
29: QEprev← QEcurr
30: end if
31: end for
32: return (Tmax,False)
33: end function
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