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Abstract 

In the era of Industry 4.0, the reliability of complex mechanical systems is paramount, yet 

unexpected equipment failures remain a critical challenge, leading to significant economic 

losses and operational disruptions. This thesis presents the development and validation of 

a systematic, multi-stage framework for early fault diagnosis by applying Artificial 

Intelligence (AI) techniques to Condition Monitoring (CM) data. 

The core of the proposed methodology is a hybrid approach that integrates physics-informed 

feature engineering with unsupervised anomaly detection models. A key contribution is the 

novel strategy of using one sensing modality, such as online oil debris analysis, to supervise 

the definition of a robust 'healthy' baseline for training the unsupervised models. The 

framework processes multi-sensor data—primarily vibration and ultrasound—to generate 

both a General Health Index (GHI) for an overall assessment of system health and 

component-level Specific Health Indices (SHIs) for targeted diagnostics. 

The effectiveness of this framework is validated across two distinct, large-scale industrial 

case studies: a run-to-failure durability test on a heavy-duty mechanical gearbox, and a 

series of developmental tests on automotive electric powertrains, including Accelerated 

Durability and End-of-Line testing. In the gearbox case study, the methodology successfully 

identified an incipient bearing fault, providing over 800 hours of lead time before 

catastrophic failure. In the electric powertrain applications, the framework demonstrated its 

adaptability in detecting a range of anomalies, from lubrication system degradation to the 

onset of severe mechanical faults, and its viability for real-time, onboard implementation 

was verified. 

Ultimately, this research contributes a validated, adaptable, and scalable framework for 

implementing data-driven predictive maintenance. It demonstrates a practical and effective 

methodology that bridges the gap between theoretical AI models and the demands of real-

world industrial machinery, offering a clear pathway to enhanced operational reliability and 

efficiency. 
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Introduction 

In the contemporary industrial landscape, often termed Industry 4.0, the reliance on complex 

machinery and automated systems is more pronounced than ever. The efficiency, reliability, and 

safety of these industrial operations are intrinsically linked to the health of their mechanical 

components. However, unexpected equipment failure remains a significant challenge, often leading 

to costly unplanned downtime, reduced productivity, and potential safety hazards. To mitigate these 

risks, maintenance strategies have undergone a significant evolution, moving from reactive fixes to 

proactive and intelligent interventions. 

This thesis enters discourse at a pivotal moment where the convergence of industrial machinery and 

artificial intelligence (AI) is redefining the boundaries of maintenance. The research presented herein 

explores the application of advanced AI and machine learning (ML) techniques to the fields of 

Condition Monitoring (CM) and Predictive Maintenance (PdM). The primary objective is to develop 

and validate intelligent models capable of moving beyond traditional maintenance paradigms. 

Specifically, this work focuses on enhancing the ability to automatically discriminate between 

healthy and faulty operational states of various mechanical components. 

This research was conducted as part of an industrial PhD program funded by Alma Automotive s.r.l., 

and its findings are grounded in extensive practical experience from multiple industrial 

collaborations. The case studies presented herein draw upon data from durability testing on 

gearboxes, performed in partnership with S.T.M. Riduttori, and development tests on electric 

powertrains, based on data acquired during a six-month industrial internship at Rimac Technology. 

Additional experience was gained from monitoring internal combustion engines and high-

productivity die casting activities. This thesis aims to provide a robust framework for implementing 

data-driven maintenance strategies by leveraging the knowledge acquired from both a strong 

mechanical engineering background and specialized training in machine learning, bridging the gap 

between theoretical models and real-world industrial applications. 

This work will demonstrate how machine learning models can be effectively utilized for anomaly 

detection, damage classification, and the prediction of Remaining Useful Life (RUL), thereby offering 

a pathway to more efficient, reliable, and cost-effective industrial operations. 



18 
 

The structure of this thesis is organized to guide the reader from foundational theory through to 

practical application and validation. Chapter 1 provides a comprehensive overview of the evolution 

of maintenance strategies, the physical principles of equipment failure, and the industrial context for 

this research. Chapters 2 and 3 establish the analytical foundation, first by introducing the 

fundamental principles of machine learning, and then by detailing the specific algorithms for 

dimensionality reduction and anomaly detection used in this research. Chapter 4 shifts the focus to 

physical data, providing a detailed examination of the key signals and sensors relevant to condition 

monitoring, such as vibration and oil analysis. Chapter 5 synthesizes these elements by outlining the 

overarching research framework and the specific, multi-stage methodological workflow applied 

throughout the case studies. The practical validation of this framework is presented in the 

subsequent experimental chapters: Chapter 6 details the early fault diagnosis in a heavy-duty 

mechanical gearbox, while Chapter 7 presents the results from several test campaigns on electric 

vehicle powertrains. Finally, the thesis concludes with a synthesis of the key findings, a discussion of 

the contributions and limitations of the research, and an outlook on future work. 
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1. The Evolution of Maintenance: From Reactive to 

Predictive Strategies 

1.1 Introduction to Industrial Maintenance 

Industrial maintenance encompasses the combination of all technical, administrative, and 

managerial actions during the life cycle of an item intended to retain it in, or restore it to, a state in 

which it can perform the required function. A well-structured maintenance strategy is a critical 

investment for any industrial enterprise, directly impacting production efficiency, equipment 

longevity, and overall operational costs. The primary objective is to ensure the availability and 

reliability of physical assets, preventing expensive production stoppages and catastrophic failures 

that can have significant financial and safety implications.[1]  

The selection and implementation of an appropriate maintenance strategy are therefore crucial 

decisions. European standard EN 13306:2017, "Maintenance — Maintenance terminology," provides 

a standardized framework for understanding the fundamental concepts and terms within this 

discipline. This standard serves as a foundational reference, defining the types of maintenance and 

the relationships between them, which helps in establishing a clear and consistent approach to 

maintenance management. According to this standard, maintenance is broadly divided into two 

main categories: preventive maintenance and corrective maintenance.  

1.2 Understanding Equipment Failure 

To develop an effective maintenance strategy, it is first essential to understand the patterns 

of equipment failure over its lifecycle. The reliability of a mechanical component is not static; 

it changes over its operational life. A widely accepted conceptual model used in reliability 

engineering to represent this behavior is the Bathtub Curve. This curve plots the failure rate 

of a component or a population of components as a function of time. As illustrated in Figure 

1, the curve is named for its characteristic "bathtub" shape, which is composed of three 

distinct phases. 
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Figure 1 - Bathtub curve, illustrating the three phases of equipment failure rate over its lifecycle. Based on the model 
presented in Ebeling [2]. 

1. Phase 1: Infant Mortality (Early-Life Failures): This initial period is characterized by a high but 

decreasing failure rate. Failures in this phase are typically premature and can be attributed 

to latent defects from the manufacturing process, poor quality control, damage during 

shipping, or errors made during installation and commissioning. These are not wear-related 

failures but rather inherent weaknesses that are quickly exposed once the equipment is put 

into service. 

2. Phase 2: Useful Life (Random Failures): After the initial period, the failure rate drops to a low 

and relatively constant level. Failures during this longest phase of an asset's life are 

considered random and unpredictable. They are typically caused by sudden stress events, 

operator error, or other unforeseeable external factors, rather than by age or wear. Because 

these failures are random, traditional time-based preventive maintenance is often ineffective 

in this phase. This is the period where Condition Monitoring and Predictive Maintenance 
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provide the greatest value, as they aim to detect the incipient stages of these random faults 

before they lead to a catastrophic failure. 

3. Phase 3: Wear-Out (Age-Related Failures): In the final phase of the component's lifecycle, the 

failure rate begins to increase rapidly. These failures are a direct result of age and 

accumulated wear. Components have reached the end of their design life, and failures occur 

due to material fatigue, corrosion, abrasion, or other cumulative degradation mechanisms. 

This is the phase where traditional, time-based preventive maintenance (e.g., replacing a 

bearing after a set number of operating hours) is most effective, as the failures are directly 

correlated with operational age. 

Understanding these three distinct failure periods is fundamental to maintenance management. It 

highlights that no single maintenance strategy is optimal for the entire lifecycle of a machine. A 

comprehensive strategy must therefore be a dynamic blend of approaches, designed to mitigate the 

specific risks associated with each phase of the bathtub curve. For example, O’Connor & Kleyner 

(2012) define the bathtub curve as showing “an initial decreasing hazard rate or infant mortality 

period, an intermediate useful life period and a final wearout period”. [3] Likewise, the NIST reliability 

handbook describes an early “Infant Mortality” phase (with origins in actuarial life tables), a long 

constant‐failure “Intrinsic” period, and a late “Wearout” period. [4] Klutke et al. (2003) review notes 

that the bathtub shape dates back to 17th‐century actuarial studies (as early as 1693) and is treated 

in “nearly every standard reliability text”. [5] These foundational sources establish the classical three‐

phase failure model and stress its prevalence (and limits) in reliability theory. 

While the Bathtub Curve provides a high-level view of failure probability over a component's lifecycle, 

the Potential-to-Failure (P-F) Curve offers a more granular model for understanding the progression 

of a single, specific failure mode. More recent and comprehensive interpretations have expanded 

this model into the D-I-P-F Curve to provide a holistic view of an asset's lifecycle, from its design 

inception to its functional failure. This expanded model, illustrated in Figure 2, clarifies how decisions 

made long before a fault is detectable can profoundly impact an asset's lifespan.[6] 
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Figure 2 – The D-I-P-F Curve, illustrating the stages of asset degradation. Source: Aladon [6]. 

The curve is defined by several critical points and intervals: 

• D (Design): The curve begins at point D, which represents the asset's maximum achievable 

lifespan and inherent reliability as determined by its engineering, materials, and 

manufacturing specifications. 

• I (Installation): This point represents the actual condition of the asset immediately after 

commissioning. The gap between D and I reflect the quality of installation; poor practices like 

misalignment or improper fastening can mean the asset starts its life already in a degraded 

state. The interval between these points, the D-I Interval, is where Precision Maintenance 

practices during installation and commissioning are crucial to preserving the asset's 

designed reliability. 

• P (Potential Failure): This is the earliest point at which a developing fault can be detected by 

a given condition monitoring technology (e.g., ultrasound, vibration analysis). 

• F (Functional Failure): This is the point where the asset no longer meets its specified 

performance requirements and has failed. 

This expanded model introduces two critical time windows. The I-P Interval represents the period of 

normal operation where proactive maintenance can extend the asset's life before any fault is 
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detectable. The classic P-F Interval remains the critical window of opportunity for predictive 

maintenance. It is the lead time available, after a fault has been detected at point P, to plan, 

schedule, and execute a repair before the functional failure at point F occurs. The entire philosophy 

of Predictive Maintenance is built upon deploying condition monitoring techniques (such as vibration 

analysis, thermography, or oil analysis), that can identify point P as early as possible, thereby 

maximizing the P-F interval and providing the longest possible warning period for a planned, 

proactive response.  

1.3 A Spectrum of Maintenance Strategies 

Maintenance philosophies have undergone significant evolution, driven by technological 

advancements, the increasing complexity of industrial machinery, and a growing emphasis on 

operational efficiency. This evolution can be categorized into several distinct approaches, which are 

clearly structured within the EN 13306 standard. As depicted in Figure 3- Maintenance Strategies, 

the fundamental distinction lies between actions taken before a failure (preventive) and actions 

taken after a failure (corrective). 

 

Figure 3 - A classification of maintenance strategies, based on the framework defined in the European Standard EN 
13306:2017 [7]. 

 

1.3.1 Reactive Maintenance (Corrective) 

The most traditional approach, reactive maintenance, is performed only after a piece of equipment 

has broken down or a malfunction has occurred[1], [8]. Often referred to as a "run-to-failure" strategy, 

its primary goal is to restore the equipment to its functional state as quickly as possible to minimize 

downtime [1]. This method is generally the most expensive due to its unplanned nature, which can 

lead to significant delays in production and higher costs for urgent repairs[9]. It is typically only 
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suitable for non-critical equipment where the cost of preventive measures would exceed the cost of 

failure [1].  

 

This strategy is often characterized as a "run-to-failure" approach. As defined by EN 13306, corrective 

maintenance can be further subdivided into: 

• Immediate/Emergency Corrective Maintenance: Carried out without delay after a fault is 

detected to avoid unacceptable consequences, such as safety hazards or major production 

losses. This is the most disruptive and costly form of maintenance due to its unplanned 

nature. 

• Deferred Corrective Maintenance: Maintenance that is delayed for a period in accordance 

with given maintenance rules, but before a complete failure occurs. 

While simple to implement, a purely reactive strategy is generally the most expensive due to its 

association with unplanned downtime, collateral damage to equipment, and higher costs for urgent 

repairs and overtime labor. It is typically only suitable for non-critical, redundant, or low-cost 

equipment where the cost and consequences of failure are minimal. 

1.3.2 Preventive Maintenance  

In contrast to the reactive approach, preventive maintenance is proactive and is carried out at 

predetermined intervals or according to prescribed criteria, aimed at reducing the probability of 

failure or degradation of the functioning of an item. The primary goal is to perform maintenance 

before failure occurs. The EN 13306 standard outlines two main sub-categories of preventive 

maintenance, as shown in Figure 3: 

• Predetermined Maintenance: This is the most traditional form of preventive maintenance, 

where tasks are performed at fixed intervals of time, usage, or distance (e.g., inspecting a 

machine every 1,000 operating hours). While it is effective in preventing many age-related 

failures, its key limitation is that it does not account for the actual condition of the equipment. 

This can lead to inefficiency, as maintenance may be performed unnecessarily—leading to 

the premature replacement of perfectly functional components—or may not be performed 

soon enough if a component degrades faster than anticipated. 
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• Condition-Based Maintenance (CBM): This represents a more advanced and efficient 

preventive strategy. CBM involves monitoring the physical condition of an asset to decide 

when maintenance should be performed. Maintenance is only carried out when the 

monitored data indicates that a fault is imminent. This approach relies on the real-time or 

periodic measurement of specific parameters (e.g., vibration, temperature) and comparing 

them against known limits. By basing maintenance decisions on actual equipment health, 

CBM optimizes resource allocation, minimizes unnecessary interventions, and provides an 

early warning of potential failures. 

1.3.3 Predictive Maintenance (PdM) 

Predictive Maintenance (PdM) can be considered the most advanced evolution of Condition-Based 

Maintenance. While CBM focuses on detecting the onset of a fault, PdM aims to predict the future 

trend of that fault. The core principle of PdM is to use condition-monitoring data in conjunction with 

predictive algorithms to forecast when a failure is likely to occur. This allows maintenance to be 

scheduled with a lead time, just before the predicted failure, thereby maximizing the useful life of the 

component while minimizing the risk of unplanned downtime. 

A properly implemented PdM strategy has been shown to yield significant benefits, including: 

• Increased Equipment Uptime: By predicting failures in advance, maintenance can be 

scheduled during planned shutdowns. 

• Reduced Maintenance Costs: Eliminates unnecessary preventive tasks and reduces the high 

costs associated with emergency repairs. 

• Improved Safety: Identifies potentially hazardous conditions before they can lead to 

accidents. 

The success of a PdM program is intrinsically linked to the quality of the data collected and the 

sophistication of the analytical models used to interpret it. 

Figure 4 shows a simplified graphical representation of the evolution of the types of maintenance 

described above. 
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Figure 4 - Evolution of Type of Maintenance, Source: MathWorks [10]. 

Beyond the operational benefits of increased uptime and reliability, a primary driver for adopting a 

predictive strategy is its significant economic advantage. The relationship between maintenance 

costs and the frequency of intervention varies dramatically across different strategies. This 

economic trade-off is effectively conceptualized in Figure 5, which compares the cost profiles of 

reactive, preventive, and predictive maintenance. Reactive Maintenance (RM) consistently incurs a 

high cost, as expenses are driven by unplanned downtime, secondary equipment damage, and 

emergency repairs. Preventive Maintenance (PM) exhibits a characteristic U-shaped cost curve; 

performing maintenance too infrequently leads to increased failure-related costs, while performing 

it too frequently results in unnecessary expenditure on labor and components. The goal of a PM 

strategy is to find the optimal point at the bottom of this curve. Predictive Maintenance (PdM), 

however, fundamentally breaks this trade-off. By leveraging real-time condition data to intervene 

only, when necessary, PdM aims to consistently operate at a near-optimal cost, avoiding both the 

excessive costs of failure and the waste of premature maintenance.[11] 
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Figure 5 - Cost associated with traditional maintenance strategies, illustrating the relationship between intervention 
frequency and cost for different approaches. Adapted from Tchakoua et al. [11]. 

1.3.4 Prescriptive Maintenance (RxM) 

Prescriptive Maintenance (RxM) represents the current apex of maintenance strategy evolution, 

moving beyond prediction to actively recommend optimal solutions. As illustrated in Figure 2, it is 

the logical next step after predictive maintenance, answering not just "When will it fail?" but also 

"What should we do about it?". This advanced strategy fundamentally changes the role of 

maintenance from a necessary operational activity to a dynamic, profit-driving component of the 

business. 
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Figure 6 - An expanded view of the evolution of maintenance strategies. Adapted from Limble CMMS [12]. 

While predictive maintenance focuses on forecasting a future failure event, prescriptive 

maintenance integrates that prediction with a broader operational context. It leverages artificial 

intelligence, particularly machine learning and AI-driven simulations, to analyze a variety of potential 

scenarios and their outcomes. For a predicted upcoming failure, a prescriptive system might 

evaluate several possible responses: 

• Immediate repair: what would be the cost in terms of parts, labor, and immediate downtime? 

• Continued operation at reduced capacity: could the machine run at a lower speed or load, to 

extend its life until a scheduled maintenance window, and what would be the impact on 

production targets? 

• Deferring maintenance: What is the increasing risk of catastrophic failure if the repair is 

postponed, and what are the potential costs associated with that risk? 

The system then weighs these options against business-level objectives, such as production goals, 

energy costs, supply chain logistics, and maintenance budgets. Based on this comprehensive 

analysis, it provides a set of clear, actionable recommendations—or "prescriptions” to human 

operators. For example, it might suggest, "Reduce the machine's operating speed by 15% to safely 

extend its life by 72 hours, which will align the repair with the planned plant-wide shutdown on 

Saturday, avoiding 8 hours of lost production." 

By not only identifying future problems but also prescribing the most efficient and cost-effective 

solutions, RxM moves maintenance towards a highly autonomous and optimized process, 
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minimizing human intervention for complex decision-making and maximizing the overall profitability 

and reliability of the industrial operation.[12] 

1.4 Condition Monitoring: The Cornerstone of Predictive 

Maintenance 

As outlined in the hierarchy of maintenance strategies, the successful implementation of both 

Condition-Based and Predictive Maintenance is fundamentally dependent on Condition Monitoring 

(CM). CM is the process of systematically collecting and analyzing data to track the health of 

machinery over time.[13], [14] It provides the essential real-time information required to detect 

changes that could indicate a developing fault.[13] 

Historically, condition monitoring was a manual and often subjective process, relying on the 

experience of engineers to inspect machinery and assess its operational state based on sensory 

inputs like unusual sounds, vibrations, or heat. Modern CM, however, leverages a wide array of 

sensors and non-destructive testing technologies to continuously collect objective data on key 

performance indicators. Some of the most common and effective techniques include: 

1. Vibration Analysis: A widely used method for rotating machinery, as changes in vibration 

patterns can indicate issues like imbalance, misalignment, or bearing wear.[15], [16] 

2. Thermal Imaging (Infrared Thermography): Used to detect abnormal temperature profiles, 

which can signify electrical problems (e.g., loose connections), lubrication issues, or 

excessive friction.[17], [18] 

3. Oil Analysis:  Involves analyzing the physical and chemical properties of lubricants to detect 

the presence of wear particles from internal components or contamination from external 

sources.[17], [18] 

4. Acoustic Analysis: Utilizes microphones and specialized sensors to capture the sound 

patterns of machinery, identifying anomalies such as leaks in compressed air systems or the 

early stages of bearing faults.[18] 

5. Ultrasound Analysis: This technique focuses on detecting high-frequency sound waves 

(typically above 20 kHz) that are generated by machinery during operation and are inaudible 

to the human ear. These ultrasonic waves are produced by phenomena such as friction, 

turbulence, or impacts. Technology is highly effective for early fault detection in mechanical 

and electrical assets, as changes in ultrasound signatures can provide the first indication of 
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a problem. Common applications include detecting bearing faults (e.g., lack of lubrication, 

early-stage spalling), identifying leaks in compressed gas or vacuum systems, and 

pinpointing electrical issues like arcing, tracking, or corona discharge. The directional nature 

of high-frequency sound allows for precise source location even in noisy industrial 

environments.[19] 

6. Motor Current Signature Analysis (MCSA): Analyzes the electrical current drawn by a 

motor to detect electrical or mechanical faults within the motor or the equipment driven. 

By continuously monitoring these and other relevant parameters, CM provides a rich, high-velocity 

data stream that serves as the essential input for making informed, data-driven maintenance 

decisions.[15] 

By monitoring these and other relevant parameters, CM provides a rich, high-velocity data stream 

that serves as the essential input for making informed, data-driven maintenance decisions. The 

successful implementation of these various CM techniques translates directly into a wide spectrum 

of operational and financial benefits, as summarized in Figure 7. The foundational advantage is the 

Early Detection of incipient faults, which enables proactive intervention. This capability initiates a 

cascade of positive outcomes: Reliability Improvement is achieved by minimizing unexpected 

failures, which in turn leads to Safety Enhancement by mitigating the risks of catastrophic 

breakdowns. From a financial standpoint, this proactive stance drives significant cost reductions by 

avoiding the high expenses of unplanned downtime and secondary damage. Ultimately, the 

integration of CM elevates maintenance from a reactive necessity to a strategic, Data-Driven 

Decision-making process, directly resulting in an Improved Return on Investment (ROI) for the 

organization's physical assets [20]. 
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Figure 7 - Benefits of Condition Monitoring. Source: [20]. 

1.5 The Global Predictive Maintenance Market: Trends and Forecasts 

The evolution from traditional to predictive maintenance is not only a technological shift but also a 

significant economic and industrial trend. The concepts discussed in this chapter are now at the core 

of a rapidly expanding global market, which is transitioning from a niche application to a mainstream 

competitive necessity. 

Market analysis shows that the predictive maintenance market is valued at USD 14.09 billion in 2025 

and is forecast to reach USD 63.64 billion by 2030, advancing at a remarkable Compound Annual 

Growth Rate (CAGR) of 35.2% [21]. This substantial growth is propelled by several key drivers, 

including declining sensor costs, the convergence of edge and cloud computing, and wider industrial 

digitization across asset-intensive sectors. Enterprises now view advanced maintenance as 

essential, as AI models can flag potential failures weeks or months in advance, enabling precise 

scheduling of repairs and optimal resource allocation. The scalability of cloud platforms removes 

traditional infrastructure barriers, while edge analytics lowers latency, making solutions viable for 

remote sites. While global supply-chain volatility has impacted hardware prices, these pressures 

also spur innovation in more efficient, on-device processing architectures. 

However, this rapid expansion is not without its challenges. The industry faces two significant hurdles 

that can restrain the pace of adoption: data security vulnerabilities and a shortage of skilled talent. 
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• Data-Security and Privacy Gaps: The proliferation of connected sensors in operational 

technology (OT) environments significantly enlarges the attack surface, exposing critical 

systems to cyberthreats. Many legacy industrial protocols lack native encryption, 

necessitating the retrofitting of secure tunneling and authentication layers to comply with 

regulations such as GDPR and NERC CIP. A persistent challenge remains in balancing the 

need for real-time data flows with the implementation of strict security policies, a critical 

concern in sectors like healthcare and energy where safety and stability are paramount. 

Consequently, enterprises are increasingly prioritizing platforms that feature device-level 

encryption, zero-trust architectures, and audit-ready data-handling practices. 

• Skilled-Talent Shortage: Successful predictive maintenance programs require hybrid 

expertise in mechanical engineering, data science, and network security; however, the labor 

market supplies few professionals with this triple skill set. A skills gap often exists where 

traditional technicians require upskilling to interpret model outputs, while data scientists 

may lack the specific domain context to recognize genuine equipment degradation 

signatures. This shortage is exacerbated by a pipeline lag, as academic institutions are only 

now beginning to integrate curricula covering OT analytics. While managed-service providers 

and emerging AI-enabled copilots can help bridge this gap, they do not fully offset the need 

for deep institutional knowledge. 

Despite these challenges, a deeper analysis of the market reveals key trends across its various 

segments: 

• Components: The market is comprised of hardware, software, and service components. As 

illustrated in Figure 8, hardware (including sensors, gateways, and other data acquisition 

devices) claimed a foundational 45.7% of the market share in 2024. However, the value is 

increasingly shifting towards analytics, with the software segment projected to expand at the 

fastest rate, registering a 36.5% CAGR through 2030. 
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Figure 8 - Predictive Maintenance Market: Market Share by Component, 2024. Source: Mordor Intelligence [21]. 

• Deployment: The method of deployment is a critical factor, with a clear preference for cloud-

based solutions. Figure 9 shows that cloud platforms represented a dominant 67.2% of the 

market in 2024. The flexibility, scalability, and lower upfront capital expenditure of cloud 

deployment are driving its rapid adoption, with a projected CAGR of 37.9%. 

 

Figure 9 - Predictive Maintenance Market: Market Share by Deployment Mode, 2024. Source: Mordor Intelligence [21]. 
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• Adopters and Industries: Large enterprises, with their significant capital and vast fleets of 

assets, held a majority 64.3% revenue share in 2024. However, the increasing accessibility of 

cloud-based solutions is democratizing this technology, with small and medium enterprises 

(SMEs) projected to record the highest CAGR at 37.3% through 2030. In terms of industry, 

industrial manufacturing led adoption with a 23.4% revenue share in 2024, while the energy 

and utilities segment is forecast to be one of the fastest-growing, with a projected annual 

growth of 35.3%. 

• Geography: While North America commanded the largest revenue share in 2024 with 29.3%, 

driven by its mature industrial and technological sectors, the most rapid growth is expected 

elsewhere. As visualized in the global growth map in Figure 10, the Asia-Pacific region is 

projected to progress at the highest CAGR of 36.1% through 2030, fueled by massive 

industrialization and widespread "smart factory" initiatives. 

 

Figure 10 - Predictive Maintenance Market CAGR (%), Growth Rate by Region, 2025 - 2030. Source: Mordor Intelligence 
[21]. 

This significant and sustained market growth across all segments and geographies underscores the 

critical need for the advanced, reliable, and scalable machine learning models that form the central 

subject of this research. 
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1.6 The Advent of Artificial Intelligence in Predictive Maintenance 

The proliferation of affordable sensors and the rise of the Industrial Internet of Things (IIoT) have 

created a paradigm shift in data availability. Industrial machinery can now be instrumented to 

generate vast quantities of operational data, often in the range of terabytes. While this data is 

immensely valuable, its sheer volume, velocity, and variety (often referred to as the "Big Data" 

challenge) exceed the capacity for traditional analysis methods and manual interpretation. This is 

where Artificial Intelligence (AI) and its subfield, Machine Learning (ML), have become transformative 

enablers for PdM. 

AI-powered PdM utilizes sophisticated algorithms to autonomously analyze these large datasets, 

uncovering subtle patterns, complex correlations, and anomalies that would be imperceptible to 

human operators. These technologies can learn a machine's normal operating behavior, its unique 

"digital signature", and therefore detect faint signals of impending failure with greater speed and 

accuracy than ever before. By integrating AI with the rich data streams from condition monitoring, 

organizations can transition from a reactive or time-based approach to a truly predictive, and 

ultimately prescriptive, maintenance strategy. This data-driven intelligence not only predicts that a 

failure will occur but also provides insights into why it is occurring, thereby moving industrial 

maintenance into a new era of efficiency and reliability. 
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2. Foundations and Applications of Artificial Intelligence 

for Predictive Maintenance 

The transition from condition-based to predictive maintenance, as outlined in the previous chapter, 

is fundamentally enabled by the application of Artificial Intelligence (AI). The vast and complex 

datasets generated by modern condition monitoring systems require computational tools that can 

move beyond pre-programmed instructions to autonomously learn from data, identify intricate 

patterns, and make intelligent predictions. This chapter provides a detailed overview of the primary 

AI methodologies, and specifically the Machine Learning (ML) models, that form the technical core 

of the research presented in this thesis. 

2.1 Computational Intelligence Overview 

Artificial Intelligence is a broad and transformative field of computer science dedicated to creating 

systems capable of performing tasks that typically require human intelligence. These tasks include 

learning, reasoning, problem-solving, perception, and language understanding. The conceptual 

origins of AI can be traced back to the mid-20th century, with the 1956 Dartmouth Workshop being a 

seminal event that coined the term and established AI as a formal academic discipline. The early 

years were characterized by great optimism but were followed by periods of reduced funding and 

interest, known as "AI winters," largely because the computational power and data required to realize 

the theoretical concepts were not yet available. 

In recent years, AI has experienced a renaissance, driven by a confluence of three key factors: 

• Availability of Big Data: The proliferation of sensors, the Industrial Internet of Things (IIoT), and 

vast digital storage capabilities have created an unprecedented volume of data, providing the 

raw material necessary for training sophisticated algorithms. 

• Advancements in Computational Power: The development of powerful hardware, most 

notably Graphics Processing Units (GPUs), has provided the massive parallel processing 

capability required for the complex matrix computations inherent in modern AI models. 

• Algorithmic Innovations: Significant breakthroughs in the design and training of algorithms, 

particularly in the sub-fields of Machine Learning and Deep Learning, have made it possible 

to solve complex problems that were previously intractable. 
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To navigate this complex landscape, it is essential to clarify the terminology and understand the 

hierarchical and overlapping relationships between its key domains. This is effectively visualized 

in Figure 11, which presents a broad overview of computational intelligence [22]. 

 

Figure 11 - Venn diagram representing the relationship between Computational Intelligence fields. Adapted from Zhang et 
al. [22]. 

At the broadest level is Computer Science, the fundamental study of computation and information 

processing, which provides the theoretical and practical foundations for all related fields. Within 

computer science, two major areas of focus are Artificial Intelligence and Data Mining. As previously 

mentioned, Artificial Intelligence (AI) is the broad endeavor to create intelligent machines that can 

perform tasks requiring human-like intelligence, such as perception, reasoning, and decision-

making. Concurrently, Data Mining is the process of discovering patterns, anomalies, and valuable 

insights from large datasets, often employing techniques from other domains to achieve its goals. 

The intersection of these fields has given rise to Machine Learning (ML), a critical subfield of AI that 

focuses on training algorithms to learn patterns directly from data without being explicitly 

programmed. It allows machines to automatically improve their performance on a specific task by 

learning from experience, providing the practical "learning" capability to AI systems. 

A specialized subset of machine learning that has driven many of the most recent breakthroughs is 

Deep Learning (DL). It utilizes complex, multi-layered artificial neural networks to learn intricate 

representations of data, making it particularly well-suited for tasks like image and speech 

recognition. The term 'deep' in Deep Learning refers directly to the high number of layers in these 

networks (a 'Deep Network'). Historically, training such deep networks was computationally 
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prohibitive. However, the recent advent of powerful parallel processing hardware, particularly 

Graphics Processing Units (GPUs) and Tensor Processing Units (TPUs), have made it feasible to 

manage the immense computational load, unlocking the full potential of Deep Learning for solving 

complex numerical problems. 

Despite the remarkable power of Deep Learning, it is crucial to approach its application with a 

strategic mindset. The most powerful tool is not always the most appropriate one. For certain well-

defined problems, simpler machine learning models may offer comparable performance with 

significantly less computational overhead and greater interpretability. In essence, it is not useful to 

hit a mosquito with a big gun. Therefore, the selection of a model should be driven by the specific 

requirements of the maintenance task at hand. The following sections will explore the application of 

various models to the key PdM tasks of anomaly detection, damage classification, and RUL 

prediction. 

The choice of the appropriate model depends on the specific goal, the nature of the available data, 

and the criticality of the equipment. Generally, these tasks draw from the main paradigms of machine 

learning: unsupervised learning, which is ideal for anomaly detection when labeled fault data is 

scarce, and supervised learning, which is used for classification and regression tasks when historical 

data with known outcomes is available. 

2.2 Machine Learning Fundamentals 

Following the broad overview of Artificial Intelligence, this section provides a focused examination of 

its most impactful sub-field for PdM: Machine Learning (ML). At its core, machine learning is a 

method of data analysis that automates the creation of analytical models. It is founded on the 

principle that computer systems can learn from data, identify patterns, and make decisions with 

minimal human intervention, departing from the traditional paradigm of being explicitly programmed 

for every task. This section deconstructs the fundamental principles that govern how ML models 

operate, detailing the universal learning process, the primary learning paradigms, and the common 

tasks these models are designed to solve. 
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2.2.1 The Machine Learning Process 

Regardless of the specific algorithm, the process of "learning" from data in a machine learning model 

follows a structured, iterative cycle composed of three core components: a model representation, 

an error function, and an optimization process. 

1. Model Representation (The Decision-Making Process): The first step is the selection of a 

model, which is a mathematical framework or function that takes input data (features) and 

produces a prediction. This function contains internal parameters that are adjusted during 

the learning process. The choice of model defines the "hypothesis space," or the range of 

possible relationships the system can learn. For a simple task, this could be a linear equation 

(𝑦 = 𝑚𝑥 + 𝑏), where the parameters 𝑚 and 𝑏 must be learned. For more complex tasks, the 

model could be a decision tree, a support vector machine, or a multi-layered neural network. 

2. Error Function (The Loss Function): To determine how well the model is performing, its 

predictions are compared to the actual ground-truth outcomes. This comparison is 

quantified by an error function, also known as a loss or cost function. This function calculates 

a score that penalizes the model for the discrepancy between its predictions and the true 

values. For example, in a regression task, a common error function is the Mean Squared Error 

(MSE), which measures the average squared difference between predicted and actual 

values. The goal of the learning process is to find the set of model parameters that minimizes 

this error function. 

3. Optimization Process: The core of the "training" phase is the optimization process, where the 

model's internal parameters are systematically adjusted to minimize the error function. A 

common and foundational optimization algorithm is Gradient Descent. It works by 

calculating the gradient (the direction of steepest ascent) of the error function with respect 

to the model's parameters and then taking a small step in the opposite direction (downhill). 

This process is repeated iteratively, with the model's parameters being updated at each step, 

until the error value converges to a minimum. This convergence signifies that the model has 

learned the best possible mapping from inputs to outputs given the data and its own 

architecture. 

This entire iterative cycle is visually summarized in the workflow presented in Figure 12. The process 

begins with the Training Data, which serves as the input for the core training phase (Train the ML 

Algorithm). It is within this step that the previously described components converge: the chosen 
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Model Representation is systematically adjusted via an Optimization Process with the objective of 

minimizing the Error Function. The result of this training is a finalized Model with optimized 

parameters. The model's efficacy is then evaluated by using it to make Predictions on new data and 

assessing its performance with metrics such as Accuracy. This evaluation is critical: if the 

performance is unacceptable, the process loops back for further training, often with adjustments to 

the model's configuration. This feedback loop continues until performance is acceptable, resulting 

in a Successful Model ready for deployment. 

 

Figure 12 - A visual representation of the iterative Machine Learning process. Based on the standard model described in 
[23]. 

2.2.2 Paradigms of Machine Learning 

Machine learning algorithms are typically categorized into several learning "paradigms," which are 

defined by the nature of the data provided and the way learning occurs. These primary paradigms, 

which are visually summarized in Figure 13, include supervised, unsupervised, semi-supervised, and 

reinforcement learning. 
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Figure 13 - An overview of the primary paradigms of Machine Learning. Adapted from R. G. [24]. 

• Supervised Learning: This is the most common paradigm, wherein the algorithm learns from 

a fully labeled dataset. Each data point consists of a set of input features and a 

corresponding correct output label. The goal is to learn a mapping function that can 

accurately predict the output for new, unseen input data. Supervised learning is the 

foundation for tasks where the desired outcome is known, such as classification and 

regression. 

• Unsupervised Learning: In this paradigm, the algorithm is given a dataset with no predefined 

labels. The objective is to explore the data and find meaningful structures, patterns, or 

groupings within it. Instead of predicting a known outcome, unsupervised learning seeks to 

uncover the underlying distribution of the data. It is the primary approach for tasks like 

clustering and anomaly detection. 

• Semi-Supervised Learning: This approach serves as a bridge between supervised and 

unsupervised learning, applied in situations with a large amount of unlabeled data but only a 

small quantity of labeled data. The algorithm leverages the structure found in the large 

unlabeled dataset to improve the learning process and predictive performance on the small, 

labeled set. This is particularly useful in industrial settings where data collection is easy but 

labeling it (e.g., confirming a specific fault) requires costly expert intervention. 
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• Reinforcement Learning: This paradigm is concerned with learning through interaction. An 

"agent" (the model) learns to make a sequence of decisions in a dynamic "environment" to 

maximize a cumulative "reward." Through a process of trial and error, the agent learns which 

actions yield the best outcomes over time. While highly effective for control systems and 

autonomous decision-making, it is less commonly applied to the core PdM tasks of 

classification and RUL prediction that are the focus of this thesis. 

2.2.3 Common Machine Learning Tasks 

The learning paradigms described above are applied to solve several fundamental types of problems, 

or "tasks." The three most relevant to predictive maintenance are: 

• Classification: A supervised learning task where the goal is to predict a discrete, categorical 

label. The model learns from labeled data to assign new, unseen data points to one of several 

predefined classes. In a PdM context, this translates to tasks like diagnosing a specific fault 

("bearing fault," "gear mesh fault," "misalignment") or making a binary decision ("healthy" vs. 

"faulty"). 

• Regression: A supervised learning task where the objective is to predict a continuous, 

numerical value. The model learns the relationship between input features and a continuous 

output variable. The primary application of regression in predictive maintenance is the 

prediction of Remaining Useful Life (RUL), where the output is a value representing time, 

cycles, or distance to failure. 

• Clustering: An unsupervised learning task that involves automatically grouping a set of data 

points into clusters. The principle is to place data points that are more similar to each other 

in the same cluster, while placing dissimilar points in different clusters. In an industrial 

setting, clustering can be used to automatically identify different operational states or 

regimes of a machine without needing prior labels. 

2.3.4 Dimensionality Reduction 

In addition to the primary predictive tasks, a crucial set of techniques in the machine learning 

workflow involves Dimensionality Reduction. Data from Condition Monitoring (CM) systems, 

originating from multi-sensor arrays and high sampling rates, is often inherently high-dimensional. 

This "curse of dimensionality" can lead to increased computational complexity, a higher risk of model 

overfitting, and can make it difficult to visualize and interpret the data. 
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Dimensionality reduction encompasses a suite of unsupervised learning methods that aim to 

transform data from a high-dimensional space into a meaningful representation of lower dimension. 

The primary goal is to reduce the number of input variables (features) while retaining as much of the 

critical information and underlying structure of the original data as possible. This is typically achieved 

through two main approaches: 

• Feature Selection: This involves identifying and selecting a subset of the most relevant 

original features to use in the model, while discarding redundant or irrelevant ones. 

• Feature Extraction: This involves creating a smaller set of new, synthetic features by 

combining and transforming the original features. These new features are designed to 

summarize the most important information from the original dataset. 

In the context of Predictive Maintenance (PdM), dimensionality reduction is a critical pre-processing 

step that provides several key benefits: 

• Improved Model Performance and Robustness: By removing noisy and redundant features, 

it can help subsequent models (e.g., for anomaly detection) to learn the underlying patterns 

more effectively. 

• Reduced Computational Cost: Fewer features lead to significantly faster model training and 

inference times, which is essential for real-time or embedded applications. 

• Enhanced Data Visualization: Projecting high-dimensional data onto two or three 

dimensions is the only way to visually inspect its structure, identify natural clusters, and 

validate the results of anomaly detection models. 

The specific dimensionality reduction models employed in this research, such as Principal 

Component Analysis (PCA) and t-Distributed Stochastic Neighbor Embedding (t-SNE), will be 

detailed in Chapter 3. 

 

2.3 Machine Learning Applications in Predictive Maintenance  

Having established the fundamental principles of machine learning, the focus now shifts to 

its practical application in solving the core challenges of PdM. The raw data acquired from 

condition monitoring is not inherently insightful; it requires sophisticated algorithms to 
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transform it into actionable intelligence. The application of machine learning in this domain 

can be structured as a workflow that addresses a series of progressively more complex 

questions, moving from simple state detection to detailed diagnosis and future prognosis. 

This hierarchical process is clearly illustrated in Figure 14. The workflow begins with Input 

Data, typically time-series signals from various sensors on the machinery. This data is then 

fed into a central block of Algorithms, where different machine learning models are applied 

to answer three critical questions that define the core predictive maintenance tasks: 

1. "Is my machine operating normally?" — This question is addressed by Anomaly 

Detection. 

2. "What's wrong with my machine?" — This is the domain of Fault Detection and 

Diagnosis (also referred to as Damage Classification). 

3. "How much longer can I operate my machine?" — This prognostic question is 

answered by Remaining Useful Life (RUL) Estimation. 

The output of this analytical process is a Decision, which provides the clear, data-driven 

insight needed to schedule maintenance actions efficiently and effectively. The subsequent 

subchapters will provide a detailed examination of the specific models and methodologies 

used to address each of these three core tasks in sequence. 

 

Figure 14 - The core tasks of a predictive maintenance workflow. Adapted from MathWorks [25]. 
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The integration of machine learning into this workflow unlocks a new level of capability, 

yielding a range of significant benefits that elevate the entire maintenance function, as 

summarized in Figure 15. The fundamental advantage is the transition to truly Proactive 

Maintenance; by identifying potential issues long before they become critical, organizations 

can move decisively away from a costly reactive model. This proactive stance directly 

translates into substantial Cost Savings, realized by minimizing expensive unplanned 

downtime, avoiding secondary damage to equipment, and optimizing the allocation of 

maintenance resources. 

Operationally, this leads to Improved Equipment Performance, ensuring that assets operate 

at peak efficiency, which in turn enhances output and product quality. A direct consequence 

of preventing severe degradation and catastrophic failures is an Increased Equipment 

Lifespan, which maximizes the return on capital-intensive assets. Furthermore, by ensuring 

machinery operates consistently within safe parameters, Enhanced Safety becomes a 

critical benefit, reducing the risk of workplace accidents associated with equipment 

malfunctions. Underpinning all these advantages are the Data-Driven Insights generated by 

the machine learning models. These algorithms can analyze vast and complex datasets to 

uncover subtle trends and failure patterns that would otherwise go unnoticed, transforming 

raw data into actionable intelligence for more informed strategic decisions about 

maintenance, operations, and even future asset procurement.[26] 
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Figure 15 - Benefits of Machine Learning for Predictive Maintenance, Source: [27] 

2.3.1 Anomaly Detection 

Anomaly detection is often the first step in identifying a potential problem. It is the process of 

identifying data points or patterns that deviate significantly from the expected or normal behavior 

[28], [29]. In an industrial context, an anomaly could be an unusual vibration signature or a sudden 

temperature spike, signaling a potential fault [16]. Machine learning models, particularly 

unsupervised learning algorithms, are highly effective at learning the normal operational profile of a 

machine and flagging any deviations as anomalies, thus providing an early warning of developing 

issues [28]. 

Anomaly detection is often the first critical step in a data-driven PdM strategy. It is the process of 

identifying data points, events, or observations that deviate significantly from the established 

Normal Operating Condition (NOC) of a system. In the context of industrial machinery, an anomaly 

could be an unusual vibration signature, a sudden temperature spike, or a subtle change in power 

consumption that signals the incipient stage of a fault. The primary goal is not to identify the type of 

fault, but simply to flag that something is abnormal, thereby triggering an alert for further 

investigation. 

This approach is particularly valuable because data from faulty conditions is often rare, expensive, 

or impossible to collect for all potential failure modes. Therefore, many anomaly detection models 
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are built using unsupervised or semi-supervised learning techniques, which learn the characteristics 

of normal behavior from a large corpus of healthy-state data. 

Within the broader task of anomaly detection, it is useful to distinguish between two subtly different, 

yet critical, sub-problems: outlier detection and novelty detection [30], [31]. 

• Outlier Detection: Often referred to as unsupervised anomaly detection, this approach 

assumes that the training dataset itself is contaminated with outliers—anomalous data 

points that are already present within the "normal" data. The goal of an outlier detection 

algorithm is to fit a model to the regions where the training data is most concentrated, 

effectively ignoring or isolating these pre-existing deviant observations.  

• Novelty Detection: Conversely, this is considered a semi-supervised anomaly detection task. 

This approach operates under the assumption that the training data is "clean," consisting 

exclusively of normal operating data. The objective is to train a model that learns the precise 

boundary of this normal behavior, such that it can identify any new, previously unseen data 

points that fall outside this boundary as novelties or anomalies. 

In the context of predictive maintenance, the choice between these two approaches depends on the 

available data and the specific objective. Outlier detection is most appropriate when analyzing large 

historical datasets where the data integrity is uncertain, and there is a possibility that unlabeled 

faults or transient events are already present. The goal here is often to "clean" the dataset or identify 

these past, undocumented anomalies. Novelty detection is the more common and powerful 

paradigm for real-time condition monitoring. In this scenario, a model is trained on a trusted baseline 

dataset, often captured during the machine's initial commissioning phase when it is known to be 

perfectly healthy. The model is then deployed to monitor the live machine, and any deviation from 

this learned "healthy" profile is immediately flagged as a novelty, representing the earliest possible 

sign of degradation or a developing fault. 

A broad survey of methodologies is provided in foundational texts on the subject, such as the 

comprehensive Outlier Analysis by Aggarwal [32]. The primary categories of techniques used for 

anomaly detection include: 

• Statistical Methods: These methods build a statistical model of normal data and flag any 

points that have a low probability of being generated by that model. Techniques like the Z-
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score, Mahalanobis distance, or Gaussian Mixture Models (GMM) are used to quantify how 

far a data point lies from the "normal" distribution. 

• Density-based Methods: These algorithms identify anomalies by considering the density of 

data points in a feature space. 

o Clustering (e.g., DBSCAN): Algorithms such as Density-Based Spatial Clustering of 

Applications with Noise (DBSCAN) group similar, high-density data points into 

clusters. Normal operating data will form dense clusters, while anomalies will be 

identified as points that do not belong to any cluster (i.e., noise). 

o Local Outlier Factor (LOF): This algorithm computes a score reflecting the local 

density deviation of a data point with respect to its neighbors. It is particularly 

effective because it considers varying densities within a dataset. An object is 

identified as an outlier if its local density is significantly lower than that of its 

neighbors, indicating it is in a sparser region. 

• Classification-based Methods: These methods aim to learn a boundary that separates 

normal data from anomalous regions. 

o One-Class Support Vector Machine (OC-SVM): As a semi-supervised method, OC-

SVM is trained on a dataset containing only normal data. It learns a hypersphere or 

hyperplane that encloses the majority of the normal data points in a high-

dimensional feature space. Any new data point that falls outside this learned 

boundary is classified as an anomaly. 

o Support Vector Machine (SVM): In its standard, dual form, the SVM is a powerful 

supervised learning algorithm. Unlike the OC-SVM, this approach requires a training 

dataset that contains labeled examples of both the normal condition and one or more 

anomalous/faulty conditions. The SVM algorithm then works by finding an optimal 

separating hyperplane that maximizes the margin between the two classes. This 

makes it a highly effective tool for fault classification when historical examples of 

specific failures are available.[33] 

• Isolation-based Methods: 

o Isolation Forest: This is an efficient algorithm based on decision trees. The core idea 

is that anomalies are "few and different," which makes them easier to "isolate" in a 

tree structure. The algorithm builds an ensemble of trees, and anomalous points will 
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require, on average, fewer random partitions to be isolated compared to normal 

points. 

• Reconstruction-based Methods (Deep Learning): 

o Autoencoders: A powerful deep learning technique, autoencoders are a type of 

neural network trained to reconstruct their input. When an autoencoder is trained 

exclusively on data from normal operating conditions, it learns to accurately 

reconstruct healthy data. When it is later presented with anomalous data, which 

follows a different pattern, the network will struggle to reconstruct it, resulting in a 

high "reconstruction error." This error can be used as an anomaly score to flag 

potential faults. 

Many of the algorithms discussed, including LOF, Isolation Forest, and GMM, are readily 

implemented in open-source Python toolkits specifically designed for outlier detection, such as the 

PyOD library [34]. 

In Figure 16, a general overview of some of the most important Anomaly Detection Methods are 

reported divided by affiliation categories. 

 

Figure 16 - Anomaly Detection Methods general overview 

2.3.2 Fault Detection (Damage Classification) 

Once an anomaly has been detected, the next logical and more valuable step is to diagnose the 

specific type of fault. This is the domain of damage classification. The objective is to automatically 

assign a label to the detected anomaly, such as "bearing inner race fault," "gear tooth crack," or "shaft 
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misalignment." An accurate diagnosis is crucial for planning maintenance activities effectively, as it 

allows engineers to prepare the correct tools, spare parts, and personnel, thereby minimizing repair 

time and costs. 

Unlike anomaly detection, damage classification is typically framed as a supervised learning 

problem. This requires a historical dataset that contains examples of various fault conditions, with 

each example explicitly labeled with its corresponding fault type. This labeled data is used to train a 

classification model that learns the relationship between the sensor readings (features) and the 

specific fault classes. 

Key machine learning models for damage classification include: 

• Traditional Machine Learning Classifiers: Algorithms like Support Vector Machines (SVM), k-

Nearest Neighbors (k-NN), and Random Forests are widely used. These models often require 

manual feature engineering, where domain experts extract meaningful statistical or 

frequency-domain features (e.g., RMS, kurtosis, spectral components) from the raw sensor 

signals to serve as inputs to the model. 

• Convolutional Neural Networks (CNNs): CNNs have become state-of-the-art for 

classification tasks involving raw signal data. They have the significant advantage of being 

able to automatically learn relevant features directly from the data, eliminating the need for 

manual feature engineering. For instance, time-series data from vibration sensors can be 

converted into 2D representations like spectrograms or scalograms, which can then be fed 

into a CNN as if they were images. The network learns to recognize the unique visual patterns 

associated with each fault type. 

2.3.3 Remaining Useful Life (RUL) Prediction 

The estimation of Remaining Useful Life (RUL) represents the pinnacle of PdM, as it directly 

addresses the question of "how much longer can this component operate safely?" RUL is defined as 

the expected length of time from the present to the end of the useful life of a component. An accurate 

RUL prediction enables just-in-time maintenance scheduling, which maximizes the lifespan of 

components, optimizes spare parts inventory, and allows for downtime to be planned with minimal 

disruption to production. 
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RUL prediction is typically formulated as a regression problem in machine learning, where the model 

is trained to predict a continuous value (time, cycles, distance) based on the evolution of condition 

monitoring data over time. The sensor data should contain a degradation trend that the model can 

learn and extrapolate into the future. 

The approaches to RUL prediction can be broadly categorized as follows: 

• Physics-based Models: These models use mathematical equations based on the physics of 

the degradation process (e.g., fatigue crack growth laws) to predict failure. They can be highly 

accurate but require deep domain knowledge and are often difficult to develop for complex 

systems. 

• Data-driven Models: These models rely entirely on historical data to learn the degradation 

patterns. 

o Survival Models: Statistical methods like Weibull analysis or Cox Proportional-

Hazards models are used to model the probability of failure over time based on 

historical failure data. 

o Machine Learning Regression Models: Algorithms such as Support Vector Regression 

(SVR) or Gradient Boosting can predict RUL based on extracted features that correlate 

with system degradation. 

o Deep Learning Models: Recurrent Neural Networks (RNNs), and particularly their 

advanced variants like Long Short-Term Memory (LSTM) and Gated Recurrent Unit 

(GRU) networks, are exceptionally well-suited for RUL prediction. These networks are 

designed to handle sequential data, allowing them to learn the temporal 

dependencies in the degradation signals as a component wears out over time. A 

common approach is to feed a sequence of sensor data into an LSTM model, which 

then outputs the predicted RUL value. 
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3 Model Used in the Research Project 

Building upon the foundational concepts of machine learning discussed in Chapter 2, this chapter 

details the specific algorithms and methodologies that constitute the analytical framework of this 

research project. The selection of these models was not arbitrary but was driven by the inherent 

characteristics of condition monitoring data and the primary research objective: to effectively 

discriminate between healthy and faulty operational states in mechanical components. 

Industrial sensor data is often characterized by high dimensionality, complex temporal 

dependencies, and subtle, non-linear relationships between variables. To address these challenges, 

a multi-stage analytical approach was adopted. This chapter presents the specific models employed 

at each stage of this approach. 

The chapter is organized into three main sections, reflecting the data analysis workflow used 

throughout the case studies presented later in this thesis. 

1 The first section, Dimensionality Reduction Models, addresses the challenge of data 

complexity. The techniques described here were used to transform high-dimensional sensor 

data into lower-dimensional representations, which are crucial for effective visualization, 

feature extraction, and reducing the computational burden on subsequent models.  

2 The second section focuses on Univariate Anomaly Detection. These methods are 

fundamental for analyzing individual sensor signals in isolation, providing a baseline for 

identifying deviations from normal behavior in key operational parameters. 

3 The final section details the Multivariate Anomaly Detection models. These more 

sophisticated techniques were employed to capture the complex interrelationships between 

multiple sensor streams simultaneously, enabling the detection of subtle anomalies that 

would be invisible to univariate analysis. 

Collectively, the models described in this chapter form the core analytical toolkit that was applied to 

the various industrial datasets investigated in this PhD project. 

3.1 Dimensionality Reduction Model 

Data from modern industrial environments, often sourced from a multitude of sensors, is inherently 

high-dimensional. This characteristic presents a significant challenge known as the "curse of 
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dimensionality." While adding more features might seem intuitively beneficial for providing more 

information to a model, the practical reality is more complex. Beyond a certain point, increasing the 

number of features without a corresponding exponential increase in the number of training samples 

can degrade, rather than improve, the performance of a machine learning model. 

This phenomenon is often visualized as shown in Figure 17. The curve illustrates that as 

dimensionality increases, a classifier's performance initially improves because the added features 

provide more discriminatory information. However, the performance peaks at an optimal number of 

features. Further increasing dimensionality leads to a performance decline. 

 

Figure 17 - Model Performance vs. Dimensionality (number of features), Source: [35]. 

This decline occurs because, as the number of dimensions grows, the volume of the feature space 

expands exponentially. The available training data becomes increasingly sparse within this vast 

space, meaning the distance between any two data points becomes very large and less meaningful. 

From a geometric perspective, as the dimensionality of the feature space approaches infinity, the 

ratio of the difference between the maximum and minimum Euclidean distance from any sample 

point to all other points, and the minimum distance itself, tends to zero. In simpler terms, in a high-

dimensional space, the concept of a "nearest neighbor" becomes ill-defined because all points 

appear to be almost equidistant from each other [36]. 

This sparsity directly contributes to overfitting. With a limited number of training samples spread 

thinly across a high-dimensional space, a model can easily learn the noise and random fluctuations 



54 
 

specific to the training set rather than the true, underlying data distribution. When this overfitted 

model is exposed to new, unseen data, it fails to generalize and its performance suffers. 

To combat the curse of dimensionality and the associated risk of overfitting, two primary strategies 

are employed: 

1 Feature Selection: These algorithms aim to select the best subset of the original features. 

They score and rank the existing features based on their relevance and contribution to the 

predictive task, discarding those that are redundant or irrelevant. 

2 Feature Extraction: Instead of selecting a subset, these methods create new, more 

informative features by combining and transforming the original ones. These techniques 

project the data from a high-dimensional space into a lower-dimensional one, while seeking 

to preserve the most important information. A primary example of this approach is Principal 

Component Analysis (PCA), which will be detailed in the following section. 

These dimensionality reduction techniques are often used in conjunction with robust model 

validation methods, such as cross-validation. By systematically splitting the training data into 

multiple subsets for training and validation, cross-validation provides a more reliable estimate of a 

model's performance on unseen data. This helps in identifying the optimal number of features or 

components to use, effectively locating the peak of the performance curve and preventing the model 

from being either too simple (underfitting) or too complex (overfitting). 

These techniques transform the data from a high-dimensional space into a feature space of a lower 

dimension, while aiming to retain as much of the meaningful variance in the data as possible. The 

application of these models serves several critical purposes within a predictive maintenance 

workflow. It enables a form of Meaningful Compression, which reduces data storage requirements 

and the computational load of subsequent analyses. More importantly, it facilitates Feature 

Elicitation or Extraction, where new, more informative features (or components) are synthesized 

from the original, often correlated, sensor signals. This process is instrumental for Structure 

Discovery, revealing intrinsic patterns, clusters, or manifolds within the data that are not apparent 

in its original high-dimensional form. A primary and indispensable application of this is Big Data 

Visualization; by projecting the data onto two or three dimensions, it becomes possible to visually 

inspect its structure, a crucial step for both exploratory analysis and for communicating the results 

of clustering or classification models. 
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The following sections will detail the specific linear and non-linear techniques used in this research 

to achieve these objectives. 

3.1.1 Principal Component Analysis (PCA) 

Principal Component Analysis (PCA) is a cornerstone of linear dimensionality reduction and is one 

of the most widely used unsupervised feature extraction techniques. The fundamental principle 

behind PCA is to transform a dataset of possibly correlated variables into a smaller, new set of 

linearly uncorrelated variables called principal components. This transformation is designed in such 

a way that the first principal component accounts for the largest possible variance in the original 

data, and each succeeding component in turn has the highest variance possible under the constraint 

that it is orthogonal (uncorrelated) to the preceding components. 

The PCA algorithm achieves this transformation through a series of well-defined mathematical steps: 

1. Standardization: The process begins by standardizing the original dataset. Each feature is 

scaled to have a mean of zero and a standard deviation of one (a z-score, this concept will be 

described in detail in the chapter 3.2.1). This step is crucial because PCA is sensitive to the 

scale of the original variables; if one feature has a much larger variance than others, it will 

dominate the first principal component, leading to biased results. 

2. Covariance Matrix Computation: Next, the covariance matrix of the standardized data is 

computed. This square matrix describes the variance of each feature and the covariance 

between each pair of features, effectively capturing the relationships within the data. 

3. Eigenvalue Decomposition: The core of PCA is the eigenvalue decomposition (or Singular 

Value Decomposition) of the covariance matrix. This process yields two key outputs: 

3.1 Eigenvectors: These are the directions of the new axes where the data has the most 

variance. Each eigenvector represents a principal component. They are orthogonal to 

each other, forming a new coordinate system for the data. 

3.2 Eigenvalues: These are scalar values that indicate the magnitude of the variance 

captured by each corresponding eigenvector (principal component). 

4. Component Selection and Projection: The eigenvectors are sorted in descending order 

based on their corresponding eigenvalues. The first principal component (the eigenvector 

with the largest eigenvalue) is the direction of maximum variance. The second principal 

component is the direction of the next largest variance, and so on. The primary application of 
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PCA for dimensionality reduction is achieved by retaining only the first 'k' principal 

components that cumulatively explain a desired percentage of the total variance (e.g., 95%). 

Finally, the original high-dimensional data is projected onto this new, lower-dimensional 

feature space defined by the selected principal components. 

In the context of this research, PCA was primarily used for data visualization by projecting complex, 

multi-sensor data onto the first two or three principal components. This allows for the visual 

inspection of clusters and the identification of potential anomalies. Additionally, it serves as a pre-

processing step to reduce the feature space before feeding the data into more complex anomaly 

detection models, thereby reducing noise and improving computational efficiency. 

A key limitation of PCA, however, is its inherent linearity. It assumes that the underlying structure of 

the data can be best described by a linear subspace, which may not be the case for complex systems 

with non-linear relationships. Furthermore, the principal components, being linear combinations of 

all original features, can sometimes be difficult to interpret in a physical sense. 

The output of PCA transformation can be effectively visualized as illustrated in Figure 18. Subplot 

17(a) provides a geometric interpretation, showing the original data points in a 3D space with the new 

principal axes overlaid. These axes represent the directions of maximum variance, and the ellipsoid, 

typically drawn to encompass a set number of standard deviations, visually summarizes the 

covariance structure and orientation of the data along these new components. Complementing this 

visual is the scree plot, shown in Subplot 17(b). This plot quantifies the amount of variance captured 

by each principal component by displaying their corresponding eigenvalues in descending order. The 

magnitude of each eigenvalue, often annotated with the percentage of total variance it explains, is 

used to determine the number of components to retain for an effective and meaningful 

dimensionality reduction. 
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Figure 18 - (a)3D Point Cloud & Principal Axes, (b) Scree plot (eigenvalues). 

A practical application of this projection is illustrated in Figure 19, which demonstrates the 

result of reducing a three-dimensional dataset to a two-dimensional representation. The 

new 2D space is defined by the first two principal components (PC1 and PC2), which 

represent the orthogonal axes along which the data exhibits the most variance. The key 

metric justifying this reduction is the cumulative explained variance. In this example, the first 

two principal components collectively account for 91.117% of the total variance present in 

the original 3D dataset. This indicates that the dimensionality has been successfully 

reduced with only a minimal loss of information, allowing for the effective visualization and 

analysis of the data's primary structure in a lower-dimensional space. 
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Figure 19 - Representation of data in a lower-dimensional space 

3.1.2 t-Distributed Stochastic Neighbor Embedding (t-SNE) 

In contrast to the linear approach of PCA, t-Distributed Stochastic Neighbor Embedding (t-SNE) is a 

powerful non-linear dimensionality reduction technique designed primarily for the visualization of 

high-dimensional datasets. Its main objective is to create a low-dimensional (typically 2D or 3D) 

"map" of the data that preserves the local structure of the original high-dimensional space. In 

essence, it aims to ensure that data points that are close neighbors in the high-dimensional space 

are also represented as close neighbors in the low-dimensional map. 

The t-SNE algorithm, as introduced by van der Maaten and Hinton,[37] operates in a probabilistic 

manner: 

1. Modeling High-Dimensional Similarities: First, t-SNE constructs a probability distribution 

over pairs of high-dimensional data points. The similarity between two points is modeled as 
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a conditional probability that one point would pick the other as its neighbor, assuming 

neighbors are picked in proportion to their probability density under a Gaussian distribution 

centered at that point. Points that are close together have a high probability of being chosen 

as neighbors, while distant points have an infinitesimally small probability. 

2. Modeling Low-Dimensional Similarities: Next, t-SNE constructs a similar probability 

distribution over the points in the low-dimensional map. However, for this second 

distribution, it uses a heavy-tailed Student's t-distribution with one degree of freedom. The 

use of the t-distribution is a key feature of the algorithm; its heavy tails allow for dissimilar 

points to be modeled by larger distances in the map, which helps to alleviate the "crowding 

problem" (where points tend to clump together in the center of the map) and often results in 

cleaner, more separated clusters. 

3. Minimizing Divergence: Finally, the algorithm iteratively adjusts the locations of the points 

in the low-dimensional map to minimize the divergence between the two probability 

distributions (the one from the high-dimensional space and the one from the low-

dimensional space). This is typically achieved by minimizing the Kullback-Leibler (KL) 

divergence using gradient descent. 

In the context of this research, t-SNE was not used as a pre-processing step for feature extraction but 

rather as a crucial tool for exploratory data analysis and results validation. By applying t-SNE to 

the raw sensor data, it was possible to visually investigate whether natural clusters corresponding to 

different operational states existed. Furthermore, it was used to visualize the outputs of anomaly 

detection models, helping to confirm whether the identified anomalies formed distinct clusters 

separate from the normal operating data. 

Despite its power for visualization, it is crucial to interpret t-SNE plots with an understanding of its 

limitations. The algorithm preserves local structure at the expense of global structure. Therefore, the 

relative sizes of the clusters and the distances between different clusters in a t-SNE plot are not 

necessarily meaningful. Its primary strength lies in revealing the presence and separation of 

groupings within the data, not in representing their global geometry. Additionally, t-SNE is 

computationally intensive and has key hyperparameters, such as "perplexity" (which relates to the 

number of nearest neighbors considered for each point), that require careful tuning. 
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In summary, as highlighted in Table 1, PCA and t-SNE are complementary techniques with distinct 

objectives. PCA is a linear method that excels at preserving global variance, making it ideal for feature 

extraction and noise reduction. In contrast, t-SNE is a non-linear method that prioritizes the 

preservation of local neighborhood structures, making it the superior choice for visualizing complex 

datasets and identifying clusters. This powerful visualization capability comes at the cost of higher 

computational intensity and more challenging interpretation compared to the efficient and more 

interpretable principal components derived from PCA. 

3.2 Univariate Anomaly Detection 

Univariate anomaly detection refers to the process of identifying anomalies by analyzing a single 

variable or a single time-series data stream in isolation. These methods form the foundation of many 

condition monitoring systems, where they are applied to individual sensor signals (e.g., a single 

temperature, pressure, or vibration reading) to detect deviations from an expected or normal 

behavior. The primary goal is to identify data points that are statistically unusual with respect to the 

historical distribution of that single variable. 

The primary strength of univariate methods lies in their simplicity, computational efficiency, and high 

degree of interpretability. Because they analyze each data stream independently, they are 

straightforward to implement and can operate in real-time with minimal computational resources. 

When an anomaly is flagged, its source is unambiguous, it is tied directly to the specific sensor being 

monitored. 

Characteristic t-SNE PCA 
Type Non-linear dimensionality 

reduction 
Linear dimensionality 

reduction 
Goal Preserve local pairwise 

similarities 
Preserve global variance 

Best used for Visualizing complex, high-
dimensional data 

Data with linear structure 

Output Low-dimensional 
representation 

Principal components 

Use cases Clustering, anomaly 
detection, NLP 

Noise reduction, feature 
extraction 

Computational Intensity High Low 
Interpretation Harder to interpret Easier to interpret 

Table 1 - Comparison of t-SNE and PCA side by side, [38]. 
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However, this focus on a single variable is also their main limitation. Univariate techniques are 

incapable of detecting anomalies that only manifest through the complex interplay or correlation 

between multiple variables. A system might be in a faulty state where several parameters are within 

their individual normal ranges, but their combined state is anomalous. Such scenarios require the 

more sophisticated multivariate approaches detailed in a later section. 

The following sections will detail several fundamental statistical and time-series-based univariate 

techniques that were used in this research for baseline anomaly detection. 

3.2.1 Z-Score (Standard Score) 

The Z-Score, also known as the standard score, is a fundamental statistical measurement that 

quantifies the distance of a data point from the mean of its distribution, measured in terms of 

standard deviations. For a given data point 𝑥, from a distribution with a mean 𝜇 and a standard 

deviation 𝜎, the Z-Score is calculated using the formula: 

 𝑍 =  (𝑥 − 𝜇) 𝜎⁄  3.1  
 

A positive Z-Score indicates the data point is above the mean, while a negative score indicates it is 

below the mean. The magnitude of the Z-Score represents how many standard deviations are away 

from the mean the data point is. 

In the context of anomaly detection, the Z-Score is used to identify data points that are statistically 

improbable. This method operates on the core assumption that the "normal" data follows a Gaussian 

(normal) distribution. For a normal distribution, the empirical rule states that approximately 99.7% 

of the data points are expected to lie within three standard deviations of the mean. Therefore, a 

common practice is to set a threshold, typically |Z| > 3. Any data point whose Z-Score exceeds this 

absolute value is considered a statistical outlier and is flagged as an anomaly. Depending on the 

desired sensitivity of the detection, this threshold can be adjusted (e.g., to 2 or 2.5). 

Despite its simplicity and efficiency, the Z-Score method has a significant limitation: it is not robust 

to the presence of extreme outliers in the dataset used for its calculation. Both the mean (μ) and the 

standard deviation (σ) are sensitive to extreme values. A single large outlier can inflate the standard 

deviation and shift the mean, potentially "masking" other, less extreme outliers by reducing their Z-

Scores. Consequently, this method is most effective for datasets that are approximately normally 

distributed and are not already heavily contaminated with outliers. 
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3.2.2 Interquartile Range (IQR) Method 

While the Z-Score method is effective for normally distributed data, it is susceptible to the 

influence of extreme values, which can skew the mean and standard deviation. The 

Interquartile Range (IQR) method offers a more robust alternative for univariate anomaly 

detection, as it relies on quartiles rather than the mean and standard deviation. This makes 

it less sensitive to extreme outliers and applicable to data that may not follow a perfect 

Gaussian distribution. 

The IQR method is best understood through its visual counterpart, the box plot (or box-and-

whisker plot). As illustrated in Figure 20, a box plot provides a standardized way of displaying 

the distribution of data based on a five-number summary: the minimum, first quartile (Q1), 

median (Q2), third quartile (Q3), and maximum. 

 

Figure 20 - How to read a boxplot, Source: [39]. 

The key components of this method, as shown in the figure, are: 

• The Interquartile Range (IQR): This is the range between the first quartile (25th percentile) 

and the third quartile (75th percentile). It is calculated as IQR = Q3 - Q1. The box in the plot 

represents this range, containing the middle 50% of the data. 



63 
 

• The Median (Q2): The line inside the box represents the median value of the dataset, which 

separates the higher half from the lower half of the data. 

• The "Whiskers": These lines extend from the box to indicate variability outside the upper and 

lower quartiles. They are typically set to extend to the most extreme data point that is no 

more than 1.5 times the IQR from the edge of the box. 

o Upper Whisker Limit: Q3 + 1.5 * IQR 

o Lower Whisker Limit: Q1 - 1.5 * IQR 

• Outliers: Any data point that falls outside the whiskers is considered an outlier. In Figure 20, 

these are represented as individual points beyond the whisker limits. 

For anomaly detection, these whisker limits serve as robust thresholds. Any sensor reading that 

exceeds the upper limit or falls below the lower limit is flagged as a potential anomaly. This method 

is particularly valuable in early exploratory analysis to quickly identify and filter out gross errors or 

extreme transient events in raw sensor data. 

3.2.3 Moving Average and Moving Median Methods 

Moving average and moving median methods represent fundamental statistical techniques for 

anomaly detection in time series data, particularly suitable for condition monitoring applications 

where sensor measurements exhibit temporal dependencies. These methods belong to the class of 

sliding window-based approaches that leverage local temporal context to identify deviations from 

expected behavior patterns [40], [41]. 

Moving Average (MA): The moving average method computes the arithmetic mean of observations 

within a sliding temporal window of fixed size w. For a time series x(t), the moving average at time t 

is defined as: 

 
MA𝑤(𝑡) =

1

𝑤
∑ 𝑥(𝑡 − 𝑖)

𝑤−1

𝑖=0

 3.2 

 

where 𝑤 represents window size, a critical hyperparameter that determines the method's sensitivity 

to local versus global patterns. 

The anomaly score for a given observation can be computed as the absolute deviation from the 

moving average: 
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 𝑠(𝑡) =∣ 𝑥(𝑡) − MA𝑤(𝑡) ∣ 3.3 
 

 

Alternatively, a normalized score considering the local standard deviation can be employed: 

 
𝑠norm(𝑡) =

∣ 𝑥(𝑡) − MA𝑤(𝑡) ∣

𝜎𝑤(𝑡)
 3.4 

 

where 𝜎𝑤(𝑡) is the standard deviation computed over the same window.  

An observation is classified as anomalous when its score exceeds a predetermined threshold θ: 

 Anomaly(𝑡) = {
1 𝑖𝑓 𝑠(𝑡) > 0
0  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 3.5 

   
Moving Median (MM): The moving median method offers increased robustness to outliers 

compared to the moving average by computing the median rather than the mean: 

 MM𝑤(𝑡) = median{𝑥(𝑡), 𝑥(𝑡 − 1), . . . , 𝑥(𝑡 − 𝑤 + 1)} 3.6 
 

The median, being the 50th percentile of the ordered observations within the window, is less 

influenced by extreme values, making it particularly valuable when the time series may contain 

sporadic outliers that should not affect the baseline estimation. 

The anomaly score for the moving median approach follows a similar formulation: 

 𝑠(𝑡) =∣ 𝑥(𝑡) − MM𝑤(𝑡) ∣ 3.7 
 

For robust estimation of scale, the Median Absolute Deviation (MAD) is often preferred over 

standard deviation: 

 MAD𝑤(𝑡) = median{∣ 𝑥(𝑡 − 𝑖) − MM𝑤(𝑡) ∣: 𝑖 = 0, . . . , 𝑤 − 1} 3.8 
 

The normalized anomaly score becomes: 

 
𝑠norm(𝑡) =

∣ 𝑥(𝑡) − MM𝑤(𝑡) ∣

1.4826 ⋅ MAD𝑤(𝑡)
 

3.9 
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where the constant 1.4826 ensures consistency with the standard deviation for normally 

distributed data. 

Window Size Selection: The choice of window size w critically affects the method's performance 

and represents a trade-off between sensitivity and robustness: 

• Small windows (w ≈ 5-20): High sensitivity to local changes, rapid adaptation to shifts, but 

increased susceptibility to noise and false positives. 

• Medium windows (w ≈ 20-100): Balanced approach suitable for most applications, 

provides stability while maintaining reasonable responsiveness. 

• Large windows (w > 100): Captures long-term trends, robust to noise, but may miss short-

duration anomalies or exhibit delayed detection. 

For condition monitoring applications, domain knowledge regarding the typical duration of 

anomalous events and the sampling frequency should guide window size selection. Cross-

validation techniques or grid search approaches can systematically optimize this parameter. 

3.2.4 Seasonal-Trend Decomposition (STL) 

Seasonal-Trend decomposition using LOESS (STL) is a powerful and versatile method for 

decomposing a time series into three constituent components: a trend component, a seasonal 

component, and a remainder (or residual) component. This technique is particularly effective for 

univariate anomaly detection in condition monitoring data, where signals often contain strong 

periodic patterns (e.g., daily operational cycles, weekly schedules) and underlying long-term trends 

(e.g., gradual degradation). 

The fundamental principle of STL for anomaly detection is that the predictable, structured parts of 

the time series—the trend and seasonality—can be separated from the unpredictable noise. Any 

significant anomalies will be captured within this leftover remainder component. The 

decomposition is typically additive, where the observed data 𝑌(𝑡) at time 𝑡 is represented as: 

 𝑌(𝑡) = 𝑇(𝑡) + 𝑆(𝑡) + 𝑅(𝑡) 3.10 
 

where:  

• 𝑇(𝑡) denotes the Trend components, capturing long-term progressive changes in the series 
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• 𝑆(𝑡) represents the Seasonal component, modelling periodic fluctuations with fixed period 

•  𝑅(𝑡) constitute the Remainder (residual) component, containing irregular variation and 

potential anomalies 

The STL algorithm itself is an iterative procedure based on a sequence of LOESS (Locally Estimated 

Scatterplot Smoothing) regressions, which makes it robust to outliers and capable of handling 

complex seasonal patterns. 

For anomaly detection, the process involves two main steps: 

1. Decomposition: The STL algorithm is applied to the time-series data to isolate the three 

components, with the most critical output being the remainder series 𝑅(𝑡). 

2. Remainder Analysis: With the trend and seasonal effects removed, the remainder 

component 𝑅(𝑡) ideally represents a stationary, zero-mean signal consisting of random 

noise. Any significant anomalies will manifest as extreme values within this remainder 

series. Standard statistical methods, such as the Z-Score (3.2.1) or the Interquartile Range 

(IQR) Method (3.2.2), can then be applied to the remainder series 𝑅(𝑡) to identify these 

outliers with a much higher degree of confidence than if they were applied to the raw signal. 

A key hyperparameter for STL is the seasonal period, which must be defined based on domain 

knowledge of the underlying process generating the data (e.g., the number of samples in a 24-hour 

cycle). The primary advantage of this method is its ability to "de-noise" a time series by removing its 

most predictable patterns, thereby making the underlying anomalies much more prominent and 

easier to detect [42]. 

In Figure 21, an example of a time series that has an increasing trend, annual seasonality, and noise 

is reported. 
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Figure 21 - Seasonal-Trend Decomposition, Source: Medium [43]. 

3.3 Multivariate Anomaly Detection  

While univariate methods are effective for monitoring individual signals, they are fundamentally 

limited in that they cannot detect anomalies that arise from the complex interplay and correlations 

between multiple variables. Multivariate anomaly detection addresses this critical gap by 

simultaneously analyzing an entire set of features (a feature vector) to identify anomalous 

combinations. For instance, the temperature and pressure of a system might both be within their 

individual acceptable ranges, but their combined state could signify a developing fault. Such 

"contextual" anomalies, which are common in complex mechanical systems, are invisible to 

univariate analysis [41].  

To provide a comprehensive and practical understanding of the models discussed in this section, 

each theoretical description will be accompanied by a practical demonstration on a consistent 

synthetic dataset. This approach serves a dual purpose: it provides a clear, visual intuition for how 

each algorithm operates and establishes a common benchmark for comparing their behavior. 

For each model, the demonstration will include a visualization of the resulting anomaly score across 

the 2D domain of the synthetic data. This will illustrate the decision boundary or the regions that each 

model identifies as anomalous. Furthermore, for selected models where hyperparameter tuning is 

particularly critical, the results of a parameter sweep will be presented to demonstrate how the 

model's sensitivity and performance are influenced by its configuration. This combination of 
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theoretical explanation and practical illustration will provide a thorough foundation for 

understanding the application of these models in the real-world case studies presented later in this 

thesis. 

3.3.1 Feature Scaling Techniques 

Before applying most multivariate anomaly detection algorithms, it is a critical pre-processing step 

to scale the features of the dataset. Multivariate models that are distance-based or assume a certain 

data distribution (like many classifiers) can be highly sensitive to the scale of the input features. If 

one feature has a much larger range of values than others, it can dominate the distance calculations 

and bias the model, leading to poor performance. Feature scaling transforms the data so that all 

features have a similar scale, ensuring equal contribution to the model's learning process.[44] 

The following scaling techniques were considered and used in this research: 

• Standardization (Z-Score Normalization): This is the most common scaling technique and is 

particularly effective when the data follows an approximately Gaussian distribution. It rescales 

each feature 𝑖 to have a mean (𝜇𝑖)  of 0 and a standard deviation (𝜎𝑖) of 1. The transformation for 

the entire data matrix x is given by: 

 𝑥̂[: , 𝑖] =  
𝑥[:,𝑖]−𝜇𝑖

𝜎𝑖
  3.11 

 

 
𝑤ℎ𝑒𝑟𝑒 𝜇𝑖 =  

1

𝑁
∑ 𝑥[𝑘, 𝑖], 𝑎𝑛𝑑 𝜎𝑖 =  √

1

𝑁−1
∙ ∑ (𝑥[𝑘, 𝑖] − 𝜇𝑖)2𝑀

𝐾=1
𝑁
𝑘=1  3.12 

 

This method is advantageous as it does not bind the data to a specific range, which can be beneficial 

for algorithms that assume zero-centered data, like PCA. The Z-scores themselves can also be used 

directly for simple threshold-based anomaly detection, as was detailed in section 3.2.1 . 

• Min-Max Normalization: This technique rescales the data to a fixed range, typically [0, 1]. For 

each feature 𝑖, it subtracts the minimum value and divides by the range (the difference between 

the maximum and minimum value): 

 𝑥̂[: , 𝑖] =  
𝑥[:,𝑖]−min (𝑥[:,𝑖])

max (𝑥[:,𝑖]−min (𝑥[:,𝑖]))
  3.13 
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This is useful for algorithms that require data to be on a normalized scale, such as certain neural 

networks, but it is more sensitive to outliers in the training data than standardization. 

• Unit Vector Normalization (Scaling to Unit Length): This method scales each sample (a row j in 

the data matrix) independently so that it has a unit norm (a length of 1). The transformation is 

given by: 

 
𝑥̂[𝑗, : ] =  

𝑥[𝑗, : ]

‖𝑥[𝑗, : ]‖
 3.14 

 

When applied to an entire dataset, this can be visualized as projecting all data points onto the surface 

of a D-dimensional unit sphere. It is particularly useful when the direction of the data vectors is more 

important than their magnitude. 

 

3.3.2 Isolation Forest 

Isolation Forest is an efficient and widely-used unsupervised anomaly detection algorithm that 

operates on the principle of isolation rather than profiling normal data points. Unlike distance- or 

density-based methods, Isolation Forest does not require such metrics to detect anomalies. This 

unique approach provides several significant advantages: it exhibits a linear time complexity with a 

low constant and has minimal memory requirements. Consequently, Isolation Forest has the 

capacity to scale up to handle extremely large datasets and high-dimensional problems, even those 

with a large number of irrelevant attributes. 

The algorithm builds an ensemble of Isolation Trees (iTrees), which are a form of random binary tree, 

to isolate observations. It then returns a score indicating the likelihood of each point being an 

anomaly. The process is governed by three main hyperparameters: the sample size 𝜑 (the number of 

observations drawn to build each tree), the number of trees 𝑡 in the ensemble, and the contamination 

parameter, which is the expected fraction of anomalies in the training data [45]. 

 

The methodology can be broken down into three main stages: sampling, tree building, and scoring. 

Given a dataset 𝑋 with 𝑛 observations and 𝑚 dimensions, the process begins by creating random 

subsamples of the data to ensure that each iTree is diverse, as reported in Figure 22. 
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Figure 22 - Random Sampling Process, Source: [45]. 

A random subset of 𝜑 observations is drawn from the original dataset 𝑋. This sampling is performed 

𝑡 times, with each unique sample being used to construct one of the 𝑡 trees in the forest. By default, 

common implementations often use a sample size 𝜑 of 256 and a total of 𝑡 = 100 trees, as these 

values have been shown to perform well across a wide range of problems. 

Each of the t subsamples is used to build an individual Isolation Tree. The tree-building process is a 

recursive partitioning of the data, as reported in Figure 23. 

 

Figure 23- Schematic representation of a single tree (a) and a forest (b) where each tree is a radial line from the center to 
the outer circle. Red represents an anomaly while blue represents a nominal point. Source: [46]. 
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For each node in the tree, the data is split until one of the following stopping conditions is met: the 

node contains only a single data point (complete isolation), the tree reaches its maximum depth, or 

all data points in the node have identical values. The maximum tree depth is typically limited to  

max(𝑑𝑒𝑝𝑡ℎ) = 𝑐𝑒𝑖𝑙𝑖𝑛𝑔(log2(𝜑)) to prevent overly complex trees. The splitting process at each 

internal node involves: 

1. Randomly selecting one attribute 𝑑 from the 𝑚 available data attributes. 

2. Randomly choosing a split value 𝑣 between the minimum and maximum values of the 

selected attribute 𝑑 in the current node. 

3. Partitioning the data into two daughter nodes: the left node containing points where the value 

of attribute 𝑑 is less than 𝑣, and the right node containing points where it is greater than or 

equal to 𝑣. 

The core principle of Isolation Forest is that anomalies are "few and different" and are therefore 

easier to isolate than normal points. A relatively small number of random partitions is needed to 

isolate an anomalous data point. Conversely, when a forest of random trees globally requires a large 

number of partitions to isolate a particular point, it is very likely to be a normal inlier, as reported in 

Figure 24. 

 

Figure 24 - Different Number of partitions between inlier and outlier, adapted from [45]. 
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The Figure 25 shows a different way of displaying the decision tree forest and the difference 

in scores between an inlier and an outlier. 

 

Figure 25 - Decision Tree Forest view, Source Medium [47]. 

This principle is quantified by calculating an anomaly score for each observation 𝑥. This 

score is based on the average path length 𝐸(ℎ(𝑥)) of the observation across all 𝑡 trees in the 

forest. The path length ℎ(𝑥) is the number of edges an observation traverses from the root of 

a tree to a terminal leaf node. The final score 𝑆(𝑥, 𝜑) for a sample of size 𝜑 is normalized 

and calculated as: 

 
𝑆(𝑥, 𝑚) = 2

−𝐸(ℎ(𝑥)) 

𝑐(𝑛)  3.15 

Where: 

• 𝐸(ℎ(𝑥)) =  
∑ ℎ𝑖(𝑥)𝑡

𝑖=1

𝑡
 is the average path length for observation 𝑥 over 𝑡 trees. 

• 𝑐(𝑛) = 2𝐻(𝑛 − 1) −  
2(𝑛−1)

𝑛
 is the average path length of an unsuccessful search in a Binary 

Search Tree, serving as a normalization factor. H is the harmonic number. 

The interpretation of the score is as follows: 

• If 𝐸(ℎ(𝑥)) is much smaller than 𝑐(𝑛), then 𝑆(𝑥, 𝜑)  is close to 1, indicating that the 

point has a very short average path length and is therefore highly likely to be an 

anomaly. 
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• If 𝐸(ℎ(𝑥)) is approximately equal to 𝑐(𝑛), then 𝑆(𝑥, 𝜑) is close to 0.5, suggesting the 

point is a regular/normal instance. 

• If 𝐸(ℎ(𝑥)) is much larger than 𝑐(𝑛), then 𝑆(𝑥, 𝜑)  is much smaller than 0.5. This 

indicates a very long path length, meaning the point is a deeply embedded inlier. 

3.3.3 Local Outlier Factor 

The Local Outlier Factor (LOF) is a powerful, density-based unsupervised anomaly detection 

algorithm. Its primary strength lies in its ability to identify anomalies by considering the local 

density of a data point relative to its neighbors, rather than relying on global data distribution. 

This makes LOF particularly effective for datasets where different regions may have different 

densities, a common characteristic of real-world industrial data [48]. 

The LOF algorithm operates through a sequential process of calculating local densities, 

reachability, and ultimately, an outlier score for each data point. 

1.  Calculation of Local Density 

The foundation of the LOF algorithm is the concept of local density. For each data point 𝑝 in the 

dataset, the algorithm first identifies its local neighborhood. This is typically done by finding the 𝑘 

nearest neighbors using a distance metric, most commonly the Euclidean distance. A point's local 

density is implicitly defined by its distance to these neighbors. Points with a high local density (i.e., 

whose neighbors are very close) are considered normal, while those with a low local density (i.e., 

whose neighbors are far away) are potential anomalies, as reported in Figure 26. 
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Figure 26 - Calculation of Local Density, Source: [48]. 

The formulas for the calculation of k-distance and k-distance neighborhood for a given point 𝑝 and 

parameter 𝑘:  

k-distance: The distance to the k-th nearest neighbor of 𝑝: 

 𝑘 − 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝐩) = 𝑑(𝐩, 𝐨) 3.16 
 

where 𝑜 is the k-th nearest neighbor of 𝑝. 

k-distance neighborhood: The set of all points within k-distance from 𝑝: 

 𝑁𝑘(𝑝) = {𝑞 ∈ 𝐷 \ {𝐩}: 𝑑(𝐩, 𝑞) ≤ 𝑘 − 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝐩)} 3.17 
 

Note: |𝑁𝑘(𝑝)| ≥ 𝑘 due to potential ties at the k-distance threshold. 

2. Calculation of Local Reachability Density (LRD) 

To formalize and stabilize the density measurement, the algorithm first computes the reachability 

distance of a point 𝑝 with respect to another point 𝑞. This is defined as the maximum of either the 

true distance between 𝑝 and 𝑞 or the k-distance of 𝑞. The k-distance (𝑞) is the distance from point 𝑞 

to its k-th nearest neighbor. 

The formula for reachability distance from point 𝑝 to point 𝑜 is: 

 𝑟𝑒𝑎𝑐ℎ − 𝑑𝑖𝑠𝑡𝑘(𝐩, 𝐨) = max {𝑘 − 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝐨), 𝑑(𝐩, 𝐨)} 3.18 
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This step effectively smooths the distances, preventing statistical fluctuations for points that are very 

close to each other. Using this, the Local Reachability Density (LRD) of a point 𝑝 is then calculated 

as the inverse of the average reachability distance from 𝑝 to its neighbors in its k-neighborhood,  𝑁𝑘𝑝. 

 𝐿𝑅𝐷𝑘(𝑝) =
1

∑ 𝑟𝑒𝑎𝑐ℎ−𝑑𝑖𝑠𝑡𝑘(𝐩,𝐨)𝑜∈𝑁𝑘(𝑝)

|𝑁𝑘(𝐩)|

 3.19 

 

Or equivalently: 

 𝐿𝑅𝐷𝑘(𝑝) =
|𝑁𝑘(𝐩)|

∑ 𝑟𝑒𝑎𝑐ℎ−𝑑𝑖𝑠𝑡𝑘(𝐩,𝐨)𝑜∈𝑁𝑘(𝑝)
 3.20 

 

 

A high LRD value indicates that the point is in a dense region (short average reachability distance), 

while a low LRD value indicates it is in a sparser region. 

  3. Calculation of Local Outlier Factor (LOF) 

The local outlier factor of point p: 

 

LOF𝑘(𝐩) =

∑
LRD𝑘(𝐨)
LRD𝑘(𝐩)𝐨∈𝑁𝑘(𝐩)

∣ 𝑁𝑘(𝐩) ∣
 

 

3.21 

 

or equivalently: 

 
LOF𝑘(𝐩) =

1

∣ 𝑁𝑘(𝐩) ∣
∑

LRD𝑘(𝐨)

LRD𝑘(𝐩)
𝐨∈𝑁𝑘(𝐩)

 

 

3.22 

 

Interpretation: 

• LOF ≈ 1: p has similar density to its neighbors (normal point) 

• LOF ≫ 1: p has much lower density than its neighbors (outlier) 
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• LOF < 1: p has higher density than its neighbors (inlier in dense region) 

Anomaly criterion: Typically, points with LOF > τ (where τ ≈ 1.5 - 2.0) are classified as anomalies. 

The LOF algorithm presents several key advantages: 

• Sensitivity to Local Density: LOF's ability to adapt to varying local densities allows it to detect 

anomalies in datasets where the definition of an outlier is context-dependent. 

• Detection of Complex-Shaped Anomalies: As it makes no assumptions about the global data 

distribution, LOF can effectively identify outliers in non-spherical clusters. 

• Unsupervised Nature: LOF does not require training labels, making it ideal for real-world 

scenarios where labeled anomaly data is rare. 

However, it also has notable limitations: 

• Difficulty in Score Interpretation: The raw LOF score is a ratio and is not normalized, making it 

difficult to set a universal threshold. A score of 1.1 might be a significant outlier in one dataset, 

while a score of 2.0 could still be an inlier in a dataset with strong local fluctuations. 

• Sensitivity to Parameter Choice: Performance is highly dependent on the choice of k, which often 

requires careful tuning. 

• Computational Complexity: The need to calculate distances to nearest neighbors makes LOF 

computationally expensive, particularly for large datasets, with a complexity of at least O(n²). 

• The Curse of Dimensionality: In high-dimensional spaces, the concept of a meaningful 

"neighborhood" breaks down as all points tend to become equidistant, which can degrade LOF's 

effectiveness, see Chapter (3.1). 

3.3.4 One-Class Support Vector Machines (OC-SVM) 

The One-Class Support Vector Machine (OC-SVM) is a widely-used algorithm for novelty detection. 

Unlike traditional two-class SVMs that learn a hyperplane to separate two distinct classes of data, 

the OC-SVM is trained on a dataset containing only "normal" instances. Its objective is to learn a 

decision boundary, or a high-dimensional frontier, that encloses the majority of the normal data 

points. Any new data point that falls outside this learned boundary is then classified as an anomaly 

or a "novelty." 

The core principle of OC-SVM is to find a hyperplane in a high-dimensional feature space that 

separates the data from the origin with maximum margin. To capture complex, non-linear 
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boundaries, the algorithm employs the kernel trick. This technique implicitly maps the original input 

data into a much higher-dimensional feature space where a linear separation becomes possible. The 

Radial Basis Function (RBF) kernel is the most frequently used for this purpose, due to its flexibility 

[49], [50]. 

The operational mechanism of OC-SVM can be understood through the following stages. 

The first step is to implicitly transform the input data from its original space x into a high-dimensional 

feature space 𝜑(𝑥), where a linear separation boundary is more feasible. This non-linear mapping is 

achieved through a kernel function (e.g., Linear, RBF, Polynomial), which efficiently calculates dot 

products between data points in this high-dimensional space without ever explicitly computing the 

coordinates. This is the "kernel trick." Figure 27 illustrates this conceptual transformation. 

 

 𝑥 = (𝑥1, … , 𝑥𝑚) ⟼  𝜑(𝑥) = (𝜑(𝑥1), … , 𝜑(𝑥𝑚))) 3.23 
 

 

Figure 27 - Non-linear transformation from input space to high-dimensional feature space. Source: [50]. 

In the new feature space, the OC-SVM algorithm seeks to find an optimal hyperplane, defined by a 

weight vector 𝑤 and an offset p, that best separates the mapped data points 𝜑(𝑥) from the origin. The 

concept of margin maximization, which in a two-class SVM refers to the separation between classes 

(as analogized in Figure 28), is adapted in OC-SVM to mean the separation of the data from the origin. 
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The optimization goal is to push the hyperplane as far as possible from the origin while keeping most 

of the data points on the other side. 

 

Figure 28 - Feature mapping and two-class separation. Source [50]. 

This involves solving a quadratic programming problem. To allow for some data points to be on the 

"wrong" side of the margin (i.e., to handle outliers in the training set), slack variables 𝜉ᵢ are 

introduced. The formal optimization problem is: 

 min
𝑤𝑖,𝜉𝑖,𝑝

1

2
‖𝑤‖2 + ∑ (𝜉𝑖 − 𝜈𝑝) 𝑚

𝑖=1  3.24 

 

Subject to the constraints: 〈𝑤 ∙ 𝜑(𝑥𝑖)〉 ≥ 𝑝 − 𝜉𝑖, 𝜉𝑖 ≥ 0, for all data points 𝑥𝑖. 

Here, the term 1
2

 ||𝑤||² maximizes the margin, 𝛴ᵢ 𝜉ᵢ is the penalty for points that do not meet the 

margin requirement, and ν is a hyperparameter that controls this trade-off. 
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The hyperparameter nu (𝜈), a value in the range (0, 1], is critical. It controls the trade-off between 

maximizing the margin and tolerating misclassifications in the training data. The nu parameter has a 

dual interpretation: 

• It is an upper bound on the fraction of training data points that can be considered outliers 

(i.e., those that lie on the origin-side of the hyperplane). 

• It is a lower bound on the fraction of training data points that will become support vectors 

(the points that define the boundary). 

Choosing an appropriate value for nu is crucial. A small nu will create a "tighter" boundary that 

attempts to enclose most of the training points, while a larger nu will create a "looser" boundary, 

allowing more training points to be flagged as anomalies. 

After training, the OC-SVM model produces a decision function that classifies new data points. The 

hyperplane found during optimization serves as this decision boundary. As illustrated in Figure 29, 

all points lying on one side of the hyperplane are classified as "normal," while points on the other side 

(the side containing the origin) are classified as "abnormal" or anomalies. This creates the desired 

frontier that encloses the normal data region. 

 

Figure 29 - Classification by one-class SVMs. Source: [50]. 

3.3.5 Mahalanobis Distance and Robust Covariance 

The Mahalanobis Distance, introduced by P.C. Mahalanobis in 1936, is a powerful statistical measure 

used to calculate the distance of a point from the center of a multivariate distribution. Unlike the 

Euclidean distance, which treats all dimensions equally, the Mahalanobis distance is scale-invariant 
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and, critically, accounts for the covariance among the variables. This makes it an ideal tool for 

detecting anomalies in multivariate sensor data where features are often correlated. An anomaly is 

identified as a point that lies far from the central tendency of the data, considering the shape and 

orientation of the data cloud.[51] 

Unlike Euclidean distance, which measures the straight-line distance between two points in space, 

Mahalanobis distance takes into account the correlations between the variables in the dataset and 

is invariant with respect to scale. In other words, Mahalanobis distance evaluates the number of 

standard deviations of a point from the mean of the distribution, also considering the covariance 

between variables. This feature makes it very useful in identifying anomalous or unusual points 

within a multivariate dataset. This property is shown in Figure 30. 

 

Figure 30 - Visualization of the difference between Euclidean distance and Mahalanobis distance on a plane.  Source: 
[52]. 

The anomaly detection process using this robust approach involves: 

• Applying the MCD algorithm (often the computationally efficient FAST-MCD variant) to the 

training data to obtain robust estimates of 𝜇 and 𝛴. 

• Calculating the robust Mahalanobis distance for all data points (both training and new data) 

using these robust estimates. 
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• Classifying a point as an anomaly if its calculated distance exceeds a certain threshold. 

1. Calculation of the mean and Covariance Matrix 

The mean vector, denoted as μ, represents the central point in the multivariate space around 

which the data points are distributed. It is a vector composed of the mean values of each 

variable (or feature) in the dataset. To calculate the mean vector, the mean of each variable 

is taken across all data points. Mathematically, if you have a data set with 𝑛 observations 

and 𝑝 variables, the mean vector 𝜇 is calculated as: 

 𝜇 =  
1

𝑛
∑ 𝑋𝑖

𝑛
𝑖=1  3.25 

 

Where 𝑋𝑖  is the vector representing the i-th observation in the dataset. 

2. Calculation of the Mahalanobis Distance 

The covariance matrix, referred to as Sigma, is a square matrix containing the covariances between 

all pairs of variables in the data set. This matrix captures how the variables vary together and is 

fundamental to understanding the shape and orientation of the data distribution in multivariate 

space. The covariance between two variables 𝑋 and 𝑌 is calculated using the following formula: 

 cov(𝑋, 𝑌) = 
1

𝑛
∑ (𝑋𝑖 − 𝜇𝑋)(𝑌𝑖 − 𝜇𝑌)𝑛

𝑖=1  3.26 
 

Where 𝜇𝑋 and 𝜇𝑌 are the means of 𝑋 and 𝑌, respectively, and n is the number of observations in the 

dataset. The covariance matrix is then constructed by calculating the covariance for each pair of 

variables in the dataset. For a dataset with 𝑝 variables, the covariance matrix will be a p x p matrix. 

3. Identification of Anomalies 

After calculating the Mahalanobis distance for each data point in a dataset, anomalies (or outliers) 

are identified by comparing these distances to a threshold. This threshold is determined based on 

the chi-square 𝜒2 distribution, given the relationship between the squared Mahalanobis distance 

and 𝜒2. It is usually based on the chi-square distribution corresponding to a certain confidence level. 

For example, if a confidence level of 95% is chosen, the value in the chi-square distribution table that 

corresponds to 95% of the area under the curve with the appropriate degrees of freedom will be 
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sought. Any data point whose Mahalanobis squared distance exceeds this threshold value is 

considered an outlier. 

3.3.6 Practical Comparison of the Anomaly Detection Method Described 

To synthesize the theoretical descriptions provided in the preceding sections, this subchapter 

presents a direct, practical comparison of the multivariate anomaly detection models on a 

controlled, benchmark on a synthetic dataset. This empirical approach serves to visually 

demonstrate the unique characteristics, decision boundaries, and sensitivities of each algorithm, 

providing a clear intuition for their behavior before their application to more complex, real-world 

data. 

To create a consistent and interpretable testbed, a two-dimensional synthetic dataset was 

generated. The "normal" data consists of three distinct clusters, each drawn from a bivariate 

Gaussian distribution. Each cluster is defined by: 

• A mean vector (μ): This defines the center point of the cluster in the 2D space. 

• A covariance matrix (Σ): This matrix controls the shape and orientation of each cluster. The 

diagonal elements represent the variance in each of the two dimensions, while the off-

diagonal elements control the correlation between them, allowing for the creation of both 

spherical and elliptical clusters. 

To ensure a fair and standardized comparison across the different algorithms, a consistent set of 

assumptions was used for model training. The key hyperparameter for many unsupervised anomaly 

detection models is the expected fraction of outliers in the data, often referred to as the 

contamination parameter. For this benchmark, a contamination fraction of 0.01 was used for all 

models that support this hyperparameter.  

 

To evaluate the models performance, three anomalous points were then manually added to the 

dataset. As shown in Figure 31, these points were strategically placed in low-density regions, far from 

the main clusters, to represent clear and unambiguous outliers. 
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Figure 31 - Dataset with Added Anomalies. 

Each of the previously discussed multivariate models was applied to this benchmark dataset to 

identify the anomalous points. The binary classification results, highlighting which points were 

flagged as outliers by each model, are presented in Figure 32. 
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Figure 32 - Outlier Detection Results for Each Model. 

Beyond simple binary classification, a more insightful comparison is achieved by visualizing the 

anomaly score map for each model. This involves calculating the anomaly score for every point in a 

fine grid spanning the 2D domain, which effectively reveals the model's underlying decision function 

and the regions it considers to be anomalous. Figure 33  presents a side-by-side comparison of these 

anomaly score maps for all the tested models. This visual benchmark clearly illustrates the 

fundamental differences in their approaches—from the elliptical boundaries of Mahalanobis 

distance to the complex, density-driven contours of LOF and the recursively partitioned regions of 

Isolation Forest. This comparative analysis provides a critical foundation for selecting the 

appropriate model for the specific data characteristics encountered in the real-world case studies 

of this thesis. 
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Figure 33 - Anomaly Score Map Comparison. 

Upon examining the results in the Anomaly Score Map Comparison Figure 34, a notable artifact is 

visible in the visualization for the standard Isolation Forest. The model produces distinct 

rectangular, high-scoring regions in areas of the feature space where no data actually exists. These 

"ghost clusters" are a direct consequence of the algorithm's reliance on axis-parallel splits, which 

can artificially assign high anomaly scores to empty regions that fall between clusters. 
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Figure 34 - Ghost Cluster Area, Isolation Forest. 

This limitation has been addressed by a proposed extension to the algorithm known as the Extended 

Isolation Forest (EIF). Instead of using axis-parallel splits, the EIF algorithm creates splits using 

hyperplanes with random slopes. This provides a more flexible partitioning of the feature space. A 

single branching process for branch cuts with random slopes in our 2-D example is visualized in 

Figure 35 for both cases of anomaly and nominal data points, analogous to Figure 24 for the standard 

Isolation Forest. 
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Figure 35 - Branching process for Extended Isolation Forest. Source [46]. 

Figure 36 directly compares the output of the standard Isolation Forest with the Extended Isolation 

Forest on the same dataset. The visualization clearly demonstrates that the EIF produces a much 

smoother and more intuitive anomaly score map, successfully mitigating the creation of the 

artifactual ghost clusters and improving the model's reliability. 

 

Figure 36 - Comparison of the standard Isolation Forest and Extended Isolation Forest for the case of two blobs. Source 
[46]. 
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4 Signals, Sensors, and data relevant to Maintenance 

Practices 

The preceding chapters have established the strategic importance of predictive maintenance and 

detailed the machine learning algorithms that provide the analytical power for its implementation. 

However, the success of any predictive model is fundamentally predicated on the quality, relevance, 

and richness of the input data. The most sophisticated algorithm will fail if it is trained on data that 

do not accurately reflect the physical state of the machinery. This chapter, therefore, shifts the focus 

from the analytical methods to the raw material of any PdM strategy: the physical signals and data 

acquired from monitoring conditions. 

A thorough understanding of the physical origins of these signals, their acquisition methods, and the 

information encoded within them is essential for effective feature engineering, model development, 

and the correct interpretation of results. This chapter provides a detailed overview of the primary 

data sources and signal processing domains that are central to modern industrial maintenance and 

form the basis for the experimental case studies presented in this thesis. 

The chapter will begin with a comprehensive exploration of vibration analysis, which is arguably the 

most powerful and widely used technique for monitoring the health of rotating machinery. The 

discussion will cover the fundamental language of vibrations, the different physical parameters used 

for analysis, and the key features extracted from the time, frequency, and time-frequency domains. 

Subsequently, the chapter will provide an overview of other critical condition monitoring 

technologies that were relevant to this research, including structure-borne ultrasound, oil quality 

analysis, and thermal monitoring. The objective is to build a foundational understanding of what is 

being measured and how that measurement relates to the underlying health of mechanical 

components. 

4.1 Vibration 

Vibration, defined as the oscillatory motion of a mechanical system about an equilibrium position, is 

an inherent and unavoidable characteristic of all rotating and reciprocating machinery. While all 

machines produce a baseline level of vibration, this signal carries a wealth of diagnostic information. 

A healthy machine exhibits a stable and repeatable vibration "signature"; the development of 
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mechanical faults—such as imbalance, misalignment, bearing degradation, or gear tooth wear—

inevitably alters this signature in specific, identifiable ways.[53] 

The analysis of these changes is arguably the most powerful and widely-used condition monitoring 

technique for rotating equipment. This is because vibration is often the earliest detectable indicator 

of incipient mechanical failure, providing a significant warning period (the P-F interval, see 1.2) long 

before other symptoms like increased heat or audible noise become apparent. The raw data for this 

analysis is typically acquired using sensors, most commonly accelerometers, mounted at key 

locations on the machine. 

A comprehensive understanding of vibration analysis requires a specific vocabulary to describe the 

signal's characteristics (4.1.1), a grasp of the different physical parameters that can be measured 

(4.1.2), and knowledge of the signal processing techniques used to extract meaningful information 

from the time and frequency domains (4.1.3). Furthermore, internationally recognized standards 

exist to provide a framework for assessing vibration severity (4.1.4). The following sections will 

provide a detailed examination of these foundational aspects. 

4.1.1 The language of vibrations 

To analyze and interpret vibration signals effectively, it is essential to understand the 

fundamental terminology used to describe their characteristics. A vibration signal, in its 

simplest form, can be represented as a waveform that plots the oscillatory motion of a point 

over time. These core concepts are visually summarized in the waveform diagram presented 

in Figure 37. 
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Figure 37 - Terminology used to describe waveforms, adapted from [54]. 

The key characteristics used to describe this waveform are Amplitude, Frequency, and Period. 

Amplitude quantifies the magnitude, or intensity, of the vibration and is the primary indicator of the 

severity of a fault. There are several ways to measure and express amplitude from a waveform: 

• Peak Amplitude ( 0-P): This measures the maximum displacement or intensity from the zero 

or equilibrium position to the highest point (crest) of the waveform. Peak amplitude is 

particularly useful for indicating short-duration, high-impact events, such as the shock 

caused by a cracked gear tooth.  

• Peak-to-Peak Amplitude (P-P): This represents the total excursion of the vibrating 

component, measured from the lowest point (trough) to the highest point (crest) of the 

waveform. It is valuable for assessing the total displacement of a component, which is 

critical in cases where mechanical clearances are a concern. 

• Root Mean Square (RMS) Amplitude: This is the most widely used and meaningful measure 

for overall vibration severity. The RMS value is calculated as the square root of the mean of 

the squared values of the waveform. For a pure sine wave, this is equal to the peak amplitude 

multiplied by 0.707. The RMS value is directly related to the energy content and therefore the 
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destructive potential of the vibration, making it the best overall indicator of a machine's 

condition. Most vibration standards, including those from ISO, use RMS values to define 

severity thresholds. It is calculated as: 

 
RMS =  √

1

𝑇
(∫ 𝑥2(𝑡)𝑑𝑡 

𝑇

0
) 4.1 

 

Frequency is the number of oscillatory cycles that occur in a unit of time. It is arguably the most 

powerful diagnostic parameter in vibration analysis because it provides information about the source 

of the vibration. It is typically measured in Hertz (Hz), which corresponds to cycles per second. In 

industrial contexts, it is also common to express frequency in Cycles Per Minute (CPM), where CPM 

= Hz × 60. 

Different mechanical components and fault types generate vibrations at specific, predictable 

frequencies. For example, shaft imbalance will typically produce a strong vibration at a frequency 

equal to the shaft's rotating speed (often referred to as 1x). Similarly, gear mesh problems, bearing 

defects, and blade pass issues all have unique frequency signatures that allow an analyst to pinpoint 

the root cause of a problem. 

The period is the time required to complete one full cycle of vibration. It is the reciprocal of frequency 

and is typically measured in seconds (s). 

 𝑇[𝑠] =  
1

𝐹[𝐻𝑧]
 4.2 

 

While frequency is the primary parameter used for diagnostics, understanding the period is 

fundamental to the time-domain analysis of the waveform. 

4.1.2 Analysis of the Vibration 

The vibrations generated by rotating machines can be broadly classified as deterministic. This 

implies that the motion, being periodic and driven by predictable physical phenomena like shaft 

rotation or gear meshing, can be described by a mathematical model. This is in contrast to random 

vibrations, which are non-periodic and arise from stochastic processes such as fluid turbulence, 

necessitating a statistical approach for their analysis. The scope of this thesis is primarily concerned 

with the deterministic vibrations characteristic of rotating machinery. 
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A comprehensive analysis of such signals requires examination from multiple perspectives, or 

domains. Both the time domain and the frequency domain are considered throughout this research, 

as each provides essential and often complementary information regarding the health of a machine. 

The time-domain waveform reveals the signal's evolution over time and its instantaneous magnitude, 

while the frequency domain breaks the signal down into its constituent frequency components, 

revealing the sources and energy distribution of the vibration.[53] 

The physical manifestation of this vibratory motion can be quantified by three key, kinematically 

related parameters: displacement, velocity, and acceleration. While these parameters are 

mathematically linked through integration and differentiation, they can also be measured directly 

using different types of sensors. The choice of which parameter to measure and analyze is a critical 

decision in condition monitoring, as it depends on the specific goals of the investigation and, most 

importantly, the frequency range of the faults being targeted. 

 

4.1.2.1 Displacement 

Vibration displacement refers to the total distance a component travels from its position of rest, or 

equilibrium, during one cycle of oscillatory motion. It provides a direct measure of the physical 

movement of a machine part and is typically quantified in units of micrometers [𝜇𝑚] or, in imperial 

systems, mils (thousandths of an inch). 

In industrial condition monitoring, displacement is most often measured using non-contact eddy 

current proximity probes. These sensors are ideal for monitoring the relative motion of rotating shafts 

within their bearings, a critical application for large machinery equipped with fluid-film bearings. 

The primary diagnostic value of displacement is as an indicator of low-frequency vibration. At low 

frequencies, significant vibratory energy can manifest as large physical displacements, even if the 

associated acceleration is minimal. Consequently, displacement is the preferred parameter for 

identifying faults that occur at or near the shaft's rotational frequency (often referred to as 1x or 2x), 

such as mass imbalance, shaft misalignment, or a bent shaft. The magnitude of the displacement in 

these cases is directly related to the mechanical stress on the component. 

Conversely, displacement is a poor indicator of high-frequency vibrations. The minute physical 

movements associated with high-frequency energy, such as those generated by bearing element 
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defects or gear mesh issues, result in extremely small displacement values that are often masked by 

the lower-frequency components of the signal. Therefore, relying solely on displacement 

measurements would mean failing to detect the onset of many critical machinery faults.[55] 

4.1.2.2 Velocity 

Vibration velocity is the time rate of change of displacement, quantifying how fast a component is 

moving during its oscillation. It is typically expressed in millimeters per second [𝑚𝑚

𝑠
] or inches per 

second [𝑖𝑛

𝑠
]. 

In diagnostic terms, velocity is often considered the most valuable and representative parameter for 

assessing the overall health of a machine across the mid-frequency range (typically 10 Hz to 2,000 

Hz). The reason for its effectiveness is that the amplitude of vibration velocity is directly related to the 

destructive energy of the vibration. High velocity signifies rapid stress cycles, which are a primary 

contributor to fatigue failure in mechanical components. Unlike displacement, which is biased 

towards low frequencies, and acceleration, which is biased towards high frequencies, velocity 

provides a more uniform and "flat" response across the most common fault frequencies found in 

industrial machinery. 

For this reason, vibration velocity—specifically its RMS value—is the most widely used metric in 

international standards, such as those from the ISO (e.g., ISO 10816 series), for assessing the 

operational health of general rotating machinery. It is an excellent indicator for a broad range of faults, 

including general looseness, flow-related problems, and the intermediate stages of bearing and gear 

wear. 

While velocity can be measured directly using electrodynamic velocity transducers, it is more 

commonly obtained in modern systems by single integration of the signal from a piezoelectric 

accelerometer. This approach combines the robustness and wide frequency range of an 

accelerometer with the diagnostic strength of the velocity parameter.[53] 

4.1.2.3 Acceleration  

Vibration acceleration is defined as the time rate of change of velocity (𝑎 =  𝑑𝑣/𝑑𝑡). It is typically 

quantified in meters per second squared [𝑚𝑚

𝑠2 ] or, more commonly in industrial practice, in units of 

gravitational acceleration, 'g' (where 1 g ≈ 9.80665 𝑚/𝑠²). 
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The physical significance of acceleration is paramount in vibration analysis. According to Newton's 

Second Law of Motion (F=ma), acceleration is directly proportional to the dynamic forces acting 

within the machine. Therefore, measuring acceleration provides a direct indication of the forces that 

cause component wear, fatigue, and eventual failure. 

The primary diagnostic strength of acceleration is its high sensitivity to high-frequency vibrations. 

Even minute physical displacements, if they occur at a high frequency, will produce a very large 

acceleration signal. This makes it the ideal parameter for the early detection of faults that generate 

high-frequency stress waves, such as the initial stages of rolling-element bearing defects (e.g., pitting 

and spalling), gear mesh problems, and cavitation in pumps. 

The most common sensor used for its measurement is the piezoelectric accelerometer. This robust 

and versatile sensor has a very wide frequency range and is the standard for most modern predictive 

maintenance programs. While indispensable for high-frequency analysis, acceleration is less 

effective for diagnosing low-frequency phenomena like imbalance, as the large displacement signals 

at low frequencies are often associated with very small acceleration amplitudes, which can be lost 

in the noise floor of the signal. 

A specialized technique known as acceleration enveloping (or demodulation) is often applied to 

accelerometer data. This process filters the high-frequency signal to isolate the repetitive, low-

energy impacts characteristic of bearing faults and then demodulates this signal to identify the 

underlying fault frequency [55]. 

4.1.2.4 The relationship between parameters 

Displacement, velocity, and acceleration are not independent quantities; they are kinematically 

linked through the mathematical operations of differentiation and integration with respect to time. 

Starting with displacement d(t), a single differentiation yields velocity v(t), and a second 

differentiation yields acceleration a(t). Conversely, integrating acceleration once yields velocity, and 

a second integration yields displacement, as reported in Figure 38. 
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Figure 38 - Integration from acceleration to displacement. Source [56]. 

This mathematical relationship has a profound, frequency-dependent effect on the amplitude of 

each parameter. For a simple sinusoidal vibration at a given frequency ω (in radians per second), the 

peak amplitudes of the three parameters are related as follows: 

 v𝑝𝑒𝑎𝑘 =  𝜔 ∙ d𝑝𝑒𝑎𝑘 4.3 
 

 𝑎𝑝𝑒𝑎𝑘 =  𝜔 ∙ v𝑝𝑒𝑎𝑘 =  𝜔2  ∙ d𝑝𝑒𝑎𝑘 4.4 
 

This means that for the same level of vibratory energy, the measured amplitude of each parameter 

will be dramatically different depending on the frequency of the vibration. 

This frequency-dependent relationship is visually summarized in Figure 39. The plot clearly 

illustrates why a specific parameter is preferred for a given frequency range to maintain a relatively 

constant or "flat" response to faults of similar severity. The example shows a constant speed 

spectrum of 7.6 mm/s. 
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Figure 39 - The relationship between displacement, velocity and acceleration. Source [57]. 

As the figure demonstrates: 

• At low frequencies, the acceleration and velocity amplitudes are very small, while the 

displacement amplitude is dominant. This confirms that displacement is the most sensitive 

and appropriate parameter for analyzing low-frequency phenomena like imbalance or 

misalignment. 

• In the mid-frequency range, the velocity amplitude provides the most uniform and 

representative measure of vibration severity. This is the range where most common 

machinery faults appear, which is why velocity is the basis for most international vibration 

standards. 

• At high frequencies, the ω² factor causes the acceleration amplitude to become very large, 

while displacement becomes infinitesimally small. This confirms that acceleration is the 

only suitable parameter for detecting the low-energy, high-frequency impacts characteristic 

of early-stage bearing and gear faults. 

Therefore, the choice of which parameter to analyze is not arbitrary but is a critical diagnostic 

decision based on the type of fault being investigated and its characteristic frequency signature [40]. 
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4.1.3 Signal based Condition Indicators 

While the raw time-series signal contains all the available diagnostic information, its high 

dimensionality and complexity make it generally unsuitable for direct input into traditional machine 

learning models or for simple trend analysis. To make this data useful, it is necessary to distill it into 

a set of quantitative, low-dimensional metrics known as Condition Indicators (CIs) or features. 

This process, often referred to as feature engineering or feature extraction, is a critical step that 

bridges the gap between the physical sensor signal and the mathematical input required by a 

predictive model. The goal is to compute a set of scalar values that effectively summarize specific 

characteristics of the vibration signal, reducing its dimensionality while retaining or even enhancing 

its discriminatory information regarding the machine's health state. 

The extraction of these indicators is performed by analyzing the signal from different mathematical 

perspectives, or domains. The three most important domains for vibration-based condition 

monitoring are the time domain, the frequency domain, and the time-frequency domain. The time 

domain analyzes the waveform directly, the frequency domain decomposes the signal to reveal its 

energy distribution across different frequencies, and the time-frequency domain provides a hybrid 

view of how the frequency content evolves over time. The following sections will detail the specific 

condition indicators that can be extracted from each of these domains [58], [59]. 

4.1.3.1 Time-domain features  

Time-domain features, also known as statistical features, are calculated directly from the raw 

vibration waveform x(t). They provide a quantitative summary of the signal's characteristics without 

transforming it into another domain. These indicators are computationally inexpensive and highly 

effective for tracking overall changes in a machine's health, making them a cornerstone of many 

condition monitoring programs. While they are excellent at detecting if a change has occurred, they 

generally do not provide diagnostic information about the specific source or frequency of a fault, 

which requires frequency-domain analysis [58]. 

The most common and informative time-domain features used in this research are: 

• Root Mean Square (RMS): As previously discussed, the RMS is the most common and 

powerful statistical measure of a signal's magnitude. It is directly related to the signal's 
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energy content and therefore its destructive potential, making it the best overall indicator of 

a machine's health. The calculation of it has already been explained in (4.1.1). 

• Peak and Peak-to-Peak: The Peak value is the maximum absolute amplitude in the signal, 

while the Peak-to-Peak value is the difference between the maximum and minimum 

amplitude. These are useful for detecting short-duration, high-energy events like impacts. 

• Crest Factor: This is the ratio of the Peak amplitude to the RMS value of the signal. It is an 

excellent indicator of the "impulsiveness" of a signal. A healthy machine with smooth, 

continuous vibration will have a low crest factor. The emergence of sharp impacts from a 

developing fault (e.g., a crack in a bearing race) will cause the peak value to rise much faster 

than the overall RMS, leading to a significant increase in the crest factor. 

 𝐶𝑟𝑒𝑠𝑡 𝐹𝑎𝑐𝑡𝑜𝑟 =  𝑃𝑒𝑎𝑘 / 𝑅𝑀𝑆 4.5 
 

• Skewness: This is the third statistical moment, which measures the asymmetry of the 

signal's probability distribution. A perfectly symmetric distribution (like a pure sine wave) has 

a skewness of zero. A positive skew indicates a tail on the right side of the distribution, while 

a negative skew indicates a tail on the left. In diagnostics, a non-zero skewness can be 

indicative of one-sided faults, such as a single cracked gear tooth that produces impacts in 

only one direction of rotation. For a signal with 𝑁 number of samples, mean 𝜇 and standard 

deviation 𝜎, it is calculated as: 

 
𝑺𝒌𝒆𝒘𝒏𝒆𝒔𝒔 =  

1

𝑁
∑ (

𝑥𝑖−𝜇

𝜎
)

3
 𝑁

𝑖=1  4.6 

 

• Kurtosis: This is the fourth statistical moment, which measures the "tailedness" or 

"peakedness" of the distribution compared to a Gaussian (normal) distribution. A normal 

distribution has a kurtosis of 3. Like the crest factor, it is highly sensitive to the impulsiveness 

of a signal. A signal with sharp spikes from incipient bearing faults will have a high kurtosis 

value because these spikes create long heavy tails in the probability distribution. It is one of 

the most classic indicators for early-stage bearing fault detection. 

 
𝑲𝒖𝒓𝒕𝒐𝒔𝒊𝒔 =  

1

𝑁
∑ (

𝑥𝑖−𝜇

𝜎
)

4
 𝑁

𝑖=1  4.7 
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• Signal-to-Noise Ratio (SNR): This is a measure that quantifies the level of a desired signal 

relative to the level of background noise. It is defined as the ratio of the power of the signal 

(𝑃𝑠𝑖𝑔𝑛𝑎𝑙) to the power of the noise (𝑃𝑛𝑜𝑖𝑠𝑒). In a time-domain context, this can be estimated 

using the ratio of the variance of the signal to the variance of the noise. A change in SNR 

over time is a key indicator of a changing health state. For example, a developing fault might 

introduce broadband noise into the system (e.g., from severe rubbing or cavitation), which 

would decrease the SNR. Conversely, if a fault creates a strong, clear periodic signal, it may 

increase the signal's power relative to the background noise, thereby increasing the SNR. 

 SNRdB = 10 log∙10 (
𝑃signal

𝑃noise
) = 20 log∙10 (

𝐴signal

𝐴noise
) 4.8 

 

Where: 

• 𝐴signal is the amplitude (RMS) of the signal 

• 𝐴noise is the amplitude (RMS) of the noise 

4.1.3.2 Frequency-domain features 

While time-domain features are excellent for detecting changes in the overall energy or 

impulsiveness of a signal, they provide limited diagnostic information about the root cause of a fault. 

To understand the source of the vibration, it is necessary to analyze the signal in the frequency 

domain [53]. Figure 40 provides a direct visual comparison of these two domains, illustrating how a 

complex time-domain waveform is transformed into an interpretable frequency spectrum where 

distinct periodic components are clearly visible. 
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Figure 40 - Time-domain and Frequency-domain a visualization comparison. Source [60]. 

 

The primary tool for this transformation is the Fast Fourier Transform (FFT), an efficient algorithm that 

computes the Discrete Fourier Transform (DFT). The FFT decomposes a finite time-series signal x(t) 

into its constituent frequency components, revealing the amplitude (or power) of the vibration at 

each specific frequency. The result of this transformation is the frequency spectrum, a plot of 

amplitude versus frequency that is the most fundamental and powerful tool in vibration diagnostics. 

Peaks in this spectrum correspond to dominant periodic events within the machine, allowing for the 

direct identification of the components responsible for the vibration. 

From this spectrum, several key features can be extracted to serve as condition indicators: 

• Peak Frequency and Amplitude: The most basic and informative features are the frequency 

and amplitude of the highest peaks in the spectrum. The frequency of a peak is used for 

diagnosis (e.g., a peak at 1x the shaft speed indicates imbalance), while its amplitude 

quantifies the severity of the fault at that specific frequency. 

• Spectral Centroid: This is the "center of mass" of the spectrum, representing the weighted 

mean of the frequencies present in the signal, with the magnitudes of the frequencies serving 

as the weights. A shift in the spectral centroid over time is a powerful indicator of a change in 

the machine's state of health. For example, an increase in the centroid value indicates that 

energy vibration is shifting towards higher frequencies, which can be a sign of worsening wear 

or friction. For a spectrum 𝑆(𝑘) with 𝑁 frequency bins, it is calculated as: 
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Spectral Centroid =

∑ 𝑆(𝑘) ⋅ 𝑓(𝑘)
𝑁

𝑘=1

∑ 𝑆(𝑘)
𝑁

𝑘=1

 𝑤ℎ𝑒𝑟𝑒 𝑓(𝑘) 𝑖𝑠 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 𝑜𝑓 𝑏𝑖𝑛 𝑘 

 

4.9 

 

• Spectral Kurtosis (SK): This is an advanced statistical tool that indicates how the 

impulsiveness of a signal varies with frequency. Unlike time-domain kurtosis, which provides 

a single value for the entire signal, SK calculates the kurtosis for each individual frequency 

band. It is particularly powerful for detecting incipient, non-stationary faults, such as the 

repetitive impacts from an early-stage bearing defect, which often appear as high kurtosis 

values in a specific high-frequency band long before they are visible in the overall spectrum 

[61]. 

• Harmonics and Sidebands: These are not single scalar features but are critical diagnostic 

patterns within the spectrum. 

o Harmonics are integer multiples of a fundamental frequency (e.g., 2x, 3x, 4x the shaft 

speed). The presence and amplitude of harmonics can indicate non-linearity or 

distortion in the system, often caused by mechanical looseness, rubbing, or severe 

misalignment. 

o Sidebands are peaks that appear at frequencies equally spaced around a central 

carrier frequency. They are caused by modulation effects and are classic indicators 

of gear tooth faults (where the sidebands are spaced at the gear's rotational speed 

around the gear mesh frequency) or specific bearing defects. 

4.1.3.3 Time-frequency domain features 

The primary limitation of the traditional Fast Fourier Transform (FFT) is that it assumes the signal is 

stationary—meaning its statistical properties (like mean and variance) and frequency content do 

not change over time. While this is a reasonable approximation for machines operating under 

constant load and speed, many real-world signals are non-stationary. This includes signals from 

machines with varying speeds, transient events like impacts, or faults that only appear intermittently. 

The FFT provides information on what frequencies are present in the signal, but it loses all 

information about when they occur [62]. 

To analyze these non-stationary signals, time-frequency analysis is required. These techniques 

produce a two-dimensional representation of the signal, showing how its frequency content evolves 
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over time. The two most common methods for this are the Short-Time Fourier Transform (STFT) and 

the Wavelet Transform (WT). 

• Short-Time Fourier Transform (STFT): The STFT is the most intuitive approach to time-frequency 

analysis. It works by taking a long time-series signal, dividing it into smaller, overlapping 

segments of equal length (a process called "windowing"), and then applying the FFT to each 

segment individually. The result is a series of frequency spectra, one for each point in time, which 

are combined to create a spectrogram. The spectrogram is a 2D plot with time on one axis, 

frequency on the other, and the amplitude (energy) represented by color or intensity. While 

effective, the STFT is limited by the Heisenberg-Gabor uncertainty principle: the choice of 

window size creates a fixed trade-off between time resolution and frequency resolution. A short 

window provides good time resolution but poor frequency resolution, while a long window 

provides good frequency resolution but poor time resolution. 

• Wavelet Transform (WT): Wavelet Transform overcomes the fixed-resolution limitation of the 

STFT. Instead of using a fixed-size window of sinusoids, the WT decomposes the signal by using 

small, wave-like functions called wavelets, which are localized in both time and frequency. A key 

advantage of the WT is its multi-resolution analysis capability. It uses short, high-frequency 

wavelets to analyze high-frequency components of the signal, providing excellent time resolution 

for transient events like sharp impacts. Simultaneously, it uses long, low-frequency wavelets to 

analyze low-frequency components, providing excellent frequency resolution for slower-varying 

phenomena. This makes the WT particularly well-suited for analyzing machinery faults that often 

manifest as low-energy, high-frequency transients. The output of a Continuous Wavelet 

Transform (CWT) is often visualized as a scalogram [63].  

From these 2D time-frequency representations, features can be extracted. The entire spectrogram 

or scalogram can be treated as an "image" and fed directly into deep learning models like 

Convolutional Neural Networks (CNNs). Alternatively, statistical features (e.g., energy, entropy) can 

be calculated from the coefficients produced by a Discrete Wavelet Transform (DWT) or a Wavelet 

Packet Decomposition (WPD), which provide a more compact set of condition indicators. 

4.1.4 ISO standards 

To move from a qualitative assessment to a quantitative, objective evaluation of machinery health, 

the industry relies on internationally recognized standards. The International Organization for 
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Standardization (ISO) has developed a series of standards that provide a framework for measuring 

and evaluating the severity of mechanical vibration. These standards offer a common language and 

a set of established alarm limits for different classes of machinery, providing a crucial baseline for 

condition monitoring programs. 

The most widely referenced of these was the ISO 10816 series. However, these standards have been 

progressively updated and integrated into a more comprehensive framework. A key example relevant 

to industrial machinery is the ISO 10816-3:2009, which has now been revised by ISO 20816-3:2022. 

[64] These standards provide general guidelines for the evaluation of machine vibration by 

measurements on non-rotating parts (e.g., bearing housing). 

The core methodology of these standards involves: 

1. Machine Classification: Machines are categorized into different groups based on their type, 

size (power rating), and the rigidity of their foundation (e.g., rigid or flexible). 

2. Measurement Parameter: The primary parameter for vibration severity evaluation is the 

Root Mean Square (RMS) value of vibration velocity, typically measured in a broad frequency 

band (e.g., 10 Hz to 1,000 Hz). As discussed previously, velocity is chosen because of its 

direct relationship to the destructive energy of the vibration. 

3. Severity Zones: The standard defines a set of four severity zones, often visualized in a chart, 

which are used to assess the machine's operational condition. A generalized example of this 

severity chart is shown in Table 2. These zones provide a simple, "traffic-light" style 

assessment: 

o Zone A (Green): Good. The vibration values are typical of new or newly refurbished 

machines. 

o Zone B (Yellow): Satisfactory. Machines in this zone are considered acceptable for 

unrestricted long-term operation. 

o Zone C (Orange): Unsatisfactory. Machines operating in this zone are not considered 

safe for long-term operation. Corrective action should be taken to identify and 

address the root cause of the increased vibration. 

o Zone D (Red): Unacceptable. The vibration values in this zone are considered critical 

and are likely to cause damage to the machine. 
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While these ISO standards are an indispensable tool for setting alarms and making general 

assessments of machine health, they are fundamentally threshold-based. They can effectively 

indicate that a problem exists once the vibration level has crossed a predefined limit, but they do not 

provide in-depth diagnostic information or predictive capabilities on their own. They serve as a 

crucial first line of defense, which can then be complemented by the more advanced diagnostic and 

prognostic models detailed in this thesis to determine the specific fault type and its future 

progression. 

 

Table 2 - ISO 10816-1 Vibration Severity Chart 

4.2 Ultrasound 

Ultrasonic monitoring is a condition monitoring technique that focuses on the detection of high-

frequency, low-energy stress waves, typically in the range of 20 kHz to 100 kHz, which are well beyond 

the limit of human hearing. In an industrial machinery context, these ultrasonic signals are generated 

by three primary sources, often referred to by the acronym FIT: Friction, Impacting, and Turbulence 

[65]. 

• Friction: This is a common source in rotating machinery, particularly from inadequate 

lubrication in bearings, which causes microscopic rubbing and asperity contact. 
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• Impacting: This refers to the repetitive, low-energy impacts produced by phenomena such 

as the rolling elements of a bearing passing over a microscopic pit or spall on the raceway, or 

a cracked gear tooth making contact. 

• Turbulence: This is generated by the chaotic flow of fluids in pipes or by pressure leaks and 

is also associated with cavitation in pumps. 

The primary advantage of ultrasonic monitoring is its remarkable sensitivity to these incipient failure 

modes. The low-energy stress waves generated by early-stage faults are often detectable with 

ultrasound long before they manifest as a significant change in the lower-frequency vibration 

spectrum or as a noticeable increase in temperature. This makes ultrasound a powerful tool for 

providing the earliest possible warning of developing problems, particularly in rolling-element 

bearings [66]. 

This research focuses specifically on structure-borne ultrasound, where the high-frequency waves 

are transmitted through the solid structure of the machine and are captured using a contact sensor, 

similar to an accelerometer. The raw, high-frequency ultrasonic signal, however, is difficult to analyze 

and store directly. To make this data useful and audible to a human analyst, it must be processed 

and transformed into a lower-frequency range. The most common method for achieving this is 

heterodyning. 

4.2.1 Heterodyned transformation 

To make the high-frequency, inaudible ultrasonic signals captured by sensors useful for analysis, 

they must be translated into the human auditory range. This is achieved through a signal processing 

technique known as heterodyning. The principle was first demonstrated in 1901 by Reginald 

Fessenden, an inventor who also pioneered amplitude modulation (AM) radio, and it remains the 

foundation of all modern, high-quality ultrasound measurement instruments. The heterodyning 

process effectively gives an inspector a "sixth sense" by shifting an inaudible frequency range into an 

audible one, allowing for a direct, intuitive interpretation of high-frequency phenomena. 

The human auditory range is limited, typically from 20 Hz to 20 kHz, while the ultrasonic signals of 

interest for condition monitoring exist at much higher frequencies. As illustrated in Figure 41, 

heterodyning provides the bridge between these two domains. 
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Figure 41 - Sound Spectrum. Source: Mobius Institute [67]. 

The process involves a series of well-defined electronic steps: 

1. Filtering: The raw signal captured by the sensor contains a broad spectrum of frequencies. 

The first step is to apply a bandpass filter to remove all audible and other unwanted 

frequencies, isolating only the specific ultrasonic frequency range of interest. 

2. Mixing: Next, a pure-tone sinusoidal signal of a fixed, high frequency, known as the local 

oscillator or mixer signal, is generated internally by the instrument. The precise frequency of 

this mixer varies by manufacturer; for instance, some instruments operate with a mixer 

frequency of approximately 38.5 kHz. 

3. The Heterodyne Process: The isolated ultrasonic signal is then electronically multiplied (or 

modulated) with this mixer signal. This modulation is the core of the heterodyning process. 

As a result of this multiplication, two new signals are produced: a sum frequency component 

(𝜽 + 𝝋) and a difference frequency component (𝜽 − 𝝋). Crucially, the difference frequency 

component now falls within the human audible range, while the sum component remains at 

a very high, inaudible frequency and is filtered out. Figure 42 provides a schematic 

representation of this process. 
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Figure 42 - Heterodyned Transformation. Source: Mobius Institute [67]. 

What is remarkable about this process is that the temporal characteristics of the original ultrasonic 

signal are preserved. A transient "click" that occurred with a one-second period in the ultrasonic 

range will be perceived as an audible "click" with the same one-second period. This means that the 

rhythm, pattern, and character of the original signal are maintained, which is critical for diagnostics. 

The mathematical foundation for this phenomenon is the product-to-sum trigonometric identity, 

shown below. This identity demonstrates that the multiplication of two sine waves (the mixer signal 

𝜽 and the original ultrasound signal 𝝋) results in two new cosine waves, one at the difference 

frequency and one at the sum frequency. 

 𝒔𝒊𝒏𝜽𝒔𝒊𝒏𝝋 =  
𝒄𝒐𝒔(𝜽−𝝋)−𝒄𝒐𝒔(𝜽+𝝋)

𝟐
 4.10 

 

In practice, an ultrasonic signal from machinery is not a single pure tone but a complex signal 

containing multiple frequencies. The heterodyning process acts on all these frequencies 

simultaneously, translating the entire ultrasonic "soundscape" down into the audible range. As 

illustrated in Figure 43, this means that the rich diagnostic information contained in the complete 

high-frequency signal is made directly available for analysis. 
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Figure 43 - Heterodyned Transformation for multiple signals. Source: Mobius Institute [67]. 

4.2.2 Instrumentation: SDT COMMONSense Sensor 

The theoretical principles of structure-borne ultrasound and heterodyning were practically applied 

in this research through the use of a specific sensor: the “SDT COMMONSense 4-20 mA Contact 

Dynamic”. This sensor is designed for permanent mounting on critical assets to provide continuous 

condition monitoring data. The sensor offers multiple output modes, with the dynamic mode being 

the one used for acquiring the raw, time-domain waveform necessary for advanced signal analysis. 

The key technical specifications of this mode are detailed below. 

The relationship between the measured ultrasonic signal and the sensor's output voltage in dynamic 

mode is defined by the sensor's output equation. This equation is fundamental for correctly scaling 

the acquired voltage signal back to its physical units. 

 𝑺𝒆𝒏𝒔𝒐𝒓 𝒔𝒊𝒈𝒏𝒂𝒍 [𝒎𝑽] =  
(𝒄𝒖𝒓𝒓𝒆𝒏𝒕[𝑨𝑫𝑪 𝒊𝒏 𝒎𝑨]−𝟏𝟐 [𝑨𝒃𝒊𝒂𝒔])𝒙𝟐𝟎𝟖,𝟐𝟓[𝜴]

𝒍𝒊𝒏𝒆𝒂𝒓 𝑮𝒂𝒊𝒏
 4.11 

 

To accommodate a wide range of signal amplitudes, from subtle friction to high-impact events, the 

sensor features selectable gain settings. The sensitivity of the dynamic output is directly dependent 

on the chosen gain, as detailed in the manufacturer's specifications in Table 3. 
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Table 3 - Sensitivities according to the gain, in dynamic mode for COMMONSense sensor. Source: [68]. 

A critical characteristic of any sensor is its frequency response curve, which describes its sensitivity 

to different frequencies within its operational range. Figure 44 presents the normalized heterodyned 

response curve for the COMMONSense sensor. This curve illustrates the sensor's peak sensitivity 

and its effective bandwidth. Understanding this response is crucial for accurately interpreting the 

resulting frequency spectra, as it indicates the frequency ranges where the sensor is most and least 

sensitive to ultrasonic activity. These technical specifications form the basis for the correct 

acquisition and interpretation of the ultrasonic data presented in the case studies. 

 

Figure 44 – Normalized heterodyned response curve for COMMONSense sensor. Source: [68]. 

In subsequent chapters, when reference is made to the sensor, this acronym will be used: Contanct 

Ultrasound Sensor (CUS). 
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4.3 Oil Quality Analysis 

Lubricating oil is the lifeblood of most industrial machinery. Beyond its primary function of reducing 

friction between moving parts, it also serves to dissipate heat, clean internal components by carrying 

away contaminants, and protect surfaces from corrosion. The condition of this lubricating oil is, 

therefore, a direct and comprehensive indicator of the health of both the oil itself and the machine it 

lubricates. The analysis of lubricating oil, a discipline also known as tribology, is a cornerstone of 

predictive maintenance for many types of equipment, particularly gearboxes, engines, and hydraulic 

systems. 

Oil analysis provides diagnostic information across three primary categories: 

1. Fluid Properties: This involves tracking the degradation of the oil's physical and chemical 

properties over time. Key parameters include: 

o Viscosity: This is the oil's most critical property. A significant change in viscosity 

(either an increase or decrease) indicates that the oil has degraded, overheated, or 

become contaminated, compromising its ability to lubricate effectively. 

o Chemical Composition: Metrics such as the Total Acid Number (TAN) and Total Base 

Number (TBN) are used to track the chemical breakdown of the oil and the depletion 

of its additive packages. An increase in TAN, for example, can indicate oxidation, 

which leads to sludge and varnish formation. 

2. Contamination: This category focuses on identifying the presence of harmful foreign 

substances in the oil. Contaminants can be external, such as dirt/silica (indicating a faulty air 

filter) or water (indicating a seal failure or condensation), or internal, such as soot or fuel in 

an engine (indicating poor combustion). The detection and quantification of these 

contaminants are crucial for identifying operational issues and preventing accelerated wear. 

3. Wear Debris Analysis: This is the most powerful diagnostic aspect of oil analysis for 

predictive maintenance. As mechanical components wear, they release microscopic 

metallic particles into the oil. By analyzing the concentration and elemental composition of 

these particles, it is possible to identify precisely which components are degrading. For 

example, a high concentration of iron might point to gear or bearing wear, while the presence 

of copper could indicate wear in bushings or thrust washers. 
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Traditionally, oil analysis has been performed offline, where a sample is periodically drawn from the 

machine and sent to a laboratory for detailed analysis using techniques like spectrometry and 

ferrography. While highly accurate, this approach provides only intermittent snapshots of the 

machine's condition. In line with the data-driven focus of this research, online oil quality 

sensors are increasingly being deployed. These sensors are installed directly on the machinery and 

provide a continuous, real-time data stream on key oil properties, such as viscosity, dielectric 

constant (which is sensitive to oxidation and contamination), moisture content, and even particle 

count. This continuous data is ideal for integration into a machine learning framework for real-time 

anomaly detection and trend analysis. This specific methodology, leveraging online sensors for 

continuous oil condition monitoring, is the approach adopted for the experimental case studies 

detailed in subsequent chapters [69].  

4.4 Thermal Monitoring 

Thermal monitoring is a condition monitoring technique based on the fundamental principle that 

nearly all forms of energy loss in a mechanical or electrical system ultimately manifest as heat. An 

abnormal or unexpected change in the operating temperature of a component is therefore a reliable, 

non-invasive indicator of a developing fault or an inefficient process. 

In any machine, heat is generated by intended processes (e.g., combustion) and unintended losses. 

From a maintenance perspective, it is these unintended heat sources that provide diagnostic 

information. The most common sources include: 

• Friction: From inadequately lubricated bearings, misaligned components, or mechanical 

rubbing. 

• Electrical Resistance: Generated by loose connections, corroded terminals, or failing 

electrical components in motors and circuits. 

• Fluid Dynamics: Resulting from issues like pump cavitation or internal leaks in hydraulic 

systems. 

Temperature data can be acquired through two main categories of sensors: non-contact methods, 

such as infrared thermography, and direct contact sensors. This research is concerned with the 

latter, where sensors are physically mounted on the equipment to provide a continuous data stream. 

Common contact sensors include: 
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• Thermocouples: These are robust, inexpensive, and versatile sensors that generate a 

voltage proportional to a temperature difference. They are widely used for monitoring bearing 

and fluid temperatures. 

• Resistance Temperature Detectors (RTDs) and Thermistors: These devices measure 

temperature based on the predictable change in their electrical resistance. They are often 

used when higher accuracy is required compared to thermocouples. 

An unexpected and sustained increase in temperature is a clear sign of an abnormal condition. It can 

be one of the most effective ways to detect issues such as bearing lubrication failure, overheating in 

motor windings, cooling system inefficiencies, and high-resistance electrical faults. 

While highly effective, it is important to note that a significant temperature increase is often a lagging 

indicator of failure, especially for mechanical faults. In the context of the P-F curve, a thermal 

anomaly may only become apparent in the later stages of degradation. Techniques like vibration and 

ultrasound analysis can often detect the root cause of a fault (e.g., the microscopic impacts of a 

bearing spall) long before it generates enough frictional energy to produce a measurable increase in 

heat. Therefore, thermal monitoring is an excellent and often essential complementary technology, 

but it is most powerful when used in conjunction with other condition monitoring techniques [65].  

Beyond its direct application in fault detection, thermal monitoring also served a fundamental role 

in defining the boundary conditions for the experimental testing within this research. By establishing 

and maintaining controlled thermal parameters (such as various component temperatures, ambient 

temperature, and humidity), it was possible to generate consistent datasets. This experimental 

control is crucial, as it minimizes the influence of environmental or operational variations, thereby 

ensuring that any observed changes in other signals can be more confidently attributed to the 

evolving health state of the machine under observation. 

4.5 Contextual and operational Parameters 

In addition to the primary condition monitoring signals detailed previously, a comprehensive data 

acquisition strategy also involves recording a suite of contextual and operational parameters. While 

not always direct indicators of a specific fault, these variables are essential for understanding the 

machine's operating state, for data segmentation, and for correlating changes in condition indicators 

with operational demands. 
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These parameters, often acquired directly from the test bench control system or supplementary 

sensors, typically include: 

• Rotational Speed and Torque: These are the most critical operational parameters, defining 

the load and speed conditions under which the primary CM data (e.g., vibration) is acquired. 

As demonstrated in the methodologies, they are fundamental for data segmentation and 

working point identification. 

• Electrical Parameters (Current, Voltage): For electrically driven systems, motor current 

and voltage are crucial. As established, motor current often serves as a reliable proxy for 

mechanical torque and can also be used for Motor Current Signature Analysis (MCSA) to 

detect electrical or electro-mechanical faults. 

• Environmental Parameters (Humidity, Ambient Temperature): These variables provide 

context for the operational environment. Significant changes in ambient conditions can 

influence component temperatures or even the properties of lubricants and recording them 

is essential for ruling out external factors when analyzing other signals. 

• System Pressures: In hydraulic or lubricated systems, parameters like oil pressure are 

critical for ensuring that the system is operating within its specified limits. 

By recording these parameters alongside the high-frequency vibration and ultrasound data, a 

complete and holistic view of the machine's behavior is captured. This rich dataset enables a more 

robust analysis, allowing for the clear separation of changes caused by operational variability from 

those that are true indicators of a developing fault. 
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5 Research Framework and Methodological Approach 

The preceding chapters have established the necessary theoretical foundations, covering the 

strategic context of predictive maintenance, the mathematical principles of the machine learning 

models employed, and the physical nature of the signals used for condition monitoring. This chapter 

now serves to bridge this theory with the practical application by outlining the overarching 

framework, objectives, and standardized workflow that guided this research project. The aim is to 

clarify the project's primary goals, detail the general methodology applied across the various case 

studies, and provide a brief overview of the data and code management strategies employed. 

1.1 Research Aims and Objectives 

The primary aim of this research is to develop and validate a systematic framework for the application 

of Artificial Intelligence Techniques to industrial Condition Monitoring and Predictive Maintenance 

(CM-PdM). While numerous AI-based approaches are available to address CM-PdM challenges, 

there is no single "best" solution for all scenarios. The central focus of this PhD project is therefore 

the definition of a framework that allows for the selection and adaptation of the optimal technique 

for a given industrial application. 

The development of this framework is guided by a set of critical, application-specific considerations, 

including: 

• Hardware Implementation Constraints: Evaluating the suitability of a model for a given 

hardware target, whether it is a resource-constrained embedded system for real-time, on-

device inference or a powerful cloud-based platform for complex, offline analysis. 

• Software and Development Platform: Assessing the implementation within different 

software ecosystems, such as MATLAB or Python, and leveraging their respective strengths 

in signal processing, algorithm development, and deployment. 

• Fault Dynamics: Considering the time-to-failure characteristics of the targeted faults. 

Rapidly developing faults require low-latency models, while slow degradation allows for 

more complex, post-processing-based approaches. 
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• Nature of the Data: Tailoring the approach to specific data characteristics, such as the 

signal's frequency content (high-frequency vs. low-frequency), and determining the 

necessity and complexity of feature engineering. 

• Expected Analytical Output: Aligning the choice of model with the desired outcome, 

whether it is simple anomaly detection, multi-class fault classification, or the regression-

based prediction of Remaining Useful Life (RUL). 

• Operational Context: Differentiating between the requirements for a real-time, continuous 

monitoring application versus a periodic, post-processing analysis. 

1.2 General Methodological Workflow 

To address these objectives in a structured and repeatable manner, a standardized methodological 

workflow was adopted for the development and evaluation of all predictive models. The process 

begins with the acquisition of data that describes the system in both healthy and, where available, 

faulty conditions. This raw data is then subjected to a series of processing steps to transform it into 

a format from which informative features can be extracted, which are then used to train and validate 

a machine learning model. 

This standardized process is visually summarized in Figure 45, which outlines the general workflow 

applied for anomaly detection tasks throughout this research. 

 

Figure 45 - Workflow methodology for Anomaly Detection, general approach. 

One of the most critical stages in this workflow is the identification of Condition Indicators. This 

phase requires a deep understanding of the underlying physics of the system and the data to 

engineer or extract features that can effectively distinguish between a "healthy" and a 

"deteriorating" operational state. The success of this feature definition stage is heavily reliant on the 

quality of the acquired data. It is therefore essential that the data is collected under well-defined and 

standardized boundary conditions, a principle that was strictly adhered to in the experimental setups 

of this project. 
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The goal of applying this workflow can be categorized into a hierarchy of analytical objectives, as was 

first introduced in Chapter 2.3. Listed in order of increasing complexity and diagnostic value, these 

are: 

• Detect Anomalies: To identify when the machine deviates from its normal operating 

condition. 

• Classify Failures: To diagnose the specific type of fault that is occurring. 

• Estimate Remaining Useful Life (RUL): To predict the future time-to-failure. 

The primary focus of the results obtained throughout this research project is centered on the first and 

most fundamental objective: anomaly detection. As will be detailed in the case studies, the 

developed methods successfully identify the onset of degradation. In certain applications, by 

leveraging a specific set of engineered features, it was also possible to achieve the second objective 

and classify different types of failures using a similar modeling approach. 

Crucially, the output of the models developed in this research is typically not a single scalar value or 

a binary "yes/no" flag. Instead, the output is framed as a Health Index (or a Warning Index), which is 

a continuous time-series trend that represents the evolving health state of the component under 

observation. This continuous health trend is a powerful diagnostic tool in its own right. Furthermore, 

it serves as a critical prerequisite for the final objective of RUL estimation. By extrapolating the 

trajectory of this Health Index to a predefined failure threshold, it becomes conceptually possible to 

estimate the Remaining Useful Life, representing a clear pathway for future development beyond the 

current scope of this work. 

The specific application of this workflow, including the data pre-processing, feature selection, and 

model tuning for each distinct industrial application, will be described in detail in the subsequent 

chapters dedicated to the case studies. 

1.3 Research Data and Code Management 

Effective management of data, source code, and documentation is critical for ensuring the integrity, 

reproducibility, and long-term viability of a complex, multi-year research project. To address these 

requirements, a structured management framework was established, centralizing the various assets 

of the project into distinct, interconnected repositories. The architecture of this framework is visually 

summarized in Figure 46 and is comprised of four main components. 
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Figure 46 - Data, Code & Reports management. 

 

1. Raw Data Repository (NAS): This component serves as the primary, centralized archive for 

all foundational data generated from the experimental test campaigns. This includes the 

high-resolution raw sensor signals as well as initial metadata that has been partially post-

processed and transmitted by the edge devices installed on-site. This repository acts as the 

immutable "single source of truth" for the project's foundational data, ensuring that both the 

original measurements and the preliminary on-site calculations are preserved and can be 

revisited at any stage of the research. 

2. Source Code Version Control (Git Repository): All source code developed throughout the 

research project is managed in a dedicated Git repository. This includes scripts and 

applications for data pre-processing (vibration, ultrasonic), data cleaning and visualization, 

the implementation of anomaly detection pipelines, and custom applications for tasks such 

as dimensionality reduction. The use of a version control system like Git is essential for 

tracking changes, enabling collaboration, and ensuring the full reproducibility of all analytical 

results. 

3. Documentation and Reporting Archive (SharePoint): This platform is used for the 

management and dissemination of all human-readable documentation. This includes 
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scientific reports, progress updates, formal presentations, and technical documents related 

to the research. It serves as the central hub for knowledge sharing and project reporting. 

4. Processed Data and Metadata Repository (NAS): This repository designates storage for all 

derived data products. After the raw data is processed by the source code, the outputs—such 

as cleaned datasets, extracted features, model results, and generated Health Indices—are 

stored here. This clear separation of raw and processed data ensures data integrity and 

provides a clear lineage from the original measurements to the final analytical results. 

The workflow established by this framework is cyclical and ensures clear data provenance. Raw data 

is ingested from the Raw Data Repository and processed using the version-controlled code from 

the Git Repository. The outputs of this processing are twofold: the resulting processed data and 

metadata are archived in the Processed Data Repository, while the insights and conclusions are 

formalized into documents and reports stored in the Documentation Archive. This systematic 

approach guarantees that all aspects of the research are organized, traceable, and securely 

managed. It is important to note that the Git Repository also contains the source code for the 

theoretical and comparative analyses presented in this thesis, including the scripts used for 

generating the synthetic dataset and for the practical comparison of the anomaly detection models 

detailed in Subchapter 3.3.6. 
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6 Test Campaign on Mechanical gearbox – case studies 

The experimental data analyzed in this chapter originates from a series of durability tests conducted 

in collaboration with S.T.M. Riduttori, and Alma Automotive s.r.l. The test campaign comprised four 

distinct durability tests, all performed on the same Device Under Test (DUT) to ensure a consistent 

experimental baseline. 

The Device Under Test (DUT) for all experiments was an industrial, four-stage helical gearbox 

manufactured by S.T.M. Riduttori. It is designed for high-torque applications and features a high 

reduction ratio of approximately 168:1. The gearbox architecture consists of four parallel-shaft 

helical gear stages and one orthogonal input stage, which utilizes a helical bevel gear pair. This 

configuration makes it representative of a wide range of heavy-duty industrial power transmission 

systems. 

While all tests utilized the same gearbox, they were designed to explore different operational 

conditions, varying primarily in three aspects: the type of lubricating oil used, the duration and torque 

profile of the work cycle, and consequently, the specific faults that developed during operation. A 

summary of the entire experimental campaign is provided in Table 4. Although the predictive 

maintenance methodology presented was developed and refined using data from all four tests, this 

chapter will focus specifically on the analysis of the test that featured the longest duration and 

resulted in the most significant and diagnostically interesting failure. 

Name of the Test Working Cycle Oil Used Faults Working 

Hours 

Test7A Running-in + 

Nominal 
Castrol Optigear 

Synthetic X 320  Breaking Z1-P-AX3 480 

Test7B  Running-in + 

Nominal 
Castrol Optigear 

Synthetic X 320 Pitting Z1-P-AX3 2304 

 Test7C 
Running-in + 

Nominal + 

Lubrication Test 
Fuchs Renolin 

Unisyn XT 320 
Bearing Fault AX3 

Pinion fault Z1-P-AX2 
 3850 

 Test7D 
Running-in + 

Nominal + 

Overload 
PETRONAS 

GEAR SYN 220 Pitting Z1-P-AX3 1827 

Table 4 - Summary table of the entire experimental campaign 



120 
 

A detailed schematic of the gearbox's key mechanical components is provided in Figure 47, which 

illustrates the shafts, bearings, and gears that are the focus of the condition monitoring analysis. The 

diagnostic approach relies on analyzing the characteristic frequency orders associated with each 

component, defined as the signal frequency normalized by a reference shaft's rotational frequency. 

Phenomena such as gear tooth wear, shaft imbalance, or bearing race defects generate distinct 

vibration signatures at predictable orders that are dictated by the component's geometry and 

kinematics [70]. 

 

Figure 47 - Gearbox components, schemes and names. (a) Shafts Names, (b) bearing Names, (c) gear Names. 

To systematically reference these components in the subsequent analysis, the following naming 

convention, corresponding to the labels in Figure 47, was established: 

• Shafts: Labeled AX9 for the input shaft, and AX1 through AX4 for the subsequent stages. 

• Bearings: Labeled AX(N)_B(S), where 'N' is the number of the shaft on which the bearing is 

mounted, and 'S' is an index (1 or 2) indicating its position on that shaft. 

• Gears: Labeled based on their type and shaft, such as Z1_P_AX(N) for a pinion ('P') or 

Z2_C_AX(N) for a crown gear ('C'), where 'N' is the corresponding shaft number. 
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Table 5 compares the main characteristics of accelerometers, ultrasonic and other sensors installed 

in the DUT. In the next chapter another scheme will explain the position of the sensor as Figure 55 for 

Test7B, Figure 68 for Test7C and Figure 75 for Test7D. 

 

 

Among the installed sensors, a key instrument for defining the ground-truth health state of the 

gearbox throughout this research is the online oil debris sensor, referred to hereafter as OIL_SENS 

The specific model used is the WearDetect Oil Debris Sensor, and its position will be indicated in the 

sensor layout diagrams for each of the test campaigns discussed. This sensor is specifically 

designed to detect ferrous metal particles in the lubricating oil, providing a direct and early indication 

of wear or developing failure in gears and bearings. The sensor integrates: 

• Ferrous Metal Detection: permanent magnet attracts debris, differentiating fine particles 

(<0.5 g) and coarse chips, reporting their volume as % of Full-Scale Deflection (FSD). 

• Temperature and Oil Presence Detection: dielectric sensor monitors oil condition; absence 

of oil or >10% water contamination are flagged. 

Debris accumulation is measured only on the sensor face. Overload occurs when collected debris 

saturates the sensing surface. Calibration of fine and coarse channels is performed at 100% FSD 

using reference debris samples. 

Sensor type Sensor Name Physical quantity Physical scale Frequency Band 

IEPE 
Piezoelectric 

HS-100SF 
Hansford Sensors 

Acceleration 
(𝑚 𝑠2⁄ ) 

100 𝑚𝑉 𝑔⁄  0.2 Hz – 15 kHz 

CUS 
Ultrasonic 

SDT Ultrasound 
Amplitude 
Ultrasonic 
Vibration 

𝑑𝐵𝜇𝑉 → 𝑉 
0.25 – 4 kHz 

(Heterodyned) 

Current 
Transducer 

CT132TRAN AC Motor Current 
0-5V / 0-10V / 4-

20mA DC 
N/A 

Hall Effect 
Sensor 

AA080005-4 
(M18x1.5) 

Rotational Speed 
Pulse Train 

(TTL/Digital) 
N/A 

Oil Debris 
Sensor 

WearDetect Oil 
Debris Sensor 

Ferrous Debris 
Volume (Fine & 

Coarse) 

% FSC (via CAN 
bus) 

N/A 

Table 5 - Specifications of the primary sensors used in the experimental setup. 



122 
 

6.1 Test Procedure 

To ensure the repeatability and comparability of results across the different durability tests, a 

standardized Nominal Working Cycle was applied to the gearbox throughout the entire experimental 

campaign. The profile of this work cycle is illustrated in Figure 48, which displays the target input 

speed and the corresponding motor current setpoints for two complete cycles. Each discrete step in 

the cycle represents a specific working point. 

 

Figure 48 - Target Speed and Torque for two entire Nominal Working Cycle. 

The nominal work cycle consists of eight operating points (four clockwise and four counterclockwise) 

repeated continuously. High-frequency acquisitions (50 kHz, ~150 s duration) were performed every 

30 minutes using the condition monitoring system supplied by Alma Automotive (Warnn/AlmaLink). 

The 150s window was chosen to guarantee at least one full rotation of the output (slower) shaft even 

at low speeds (790 rpm input speed, corresponding to 4.71 rpm output speed), ensuring complete 

capture of cyclical phenomena. 

As a direct measurement of the input torque was unavailable, the motor current was adopted as a 

reliable and proportional proxy, a common and effective practice in industrial motor applications 

[71]. The work cycle was designed to subject the gearbox to a range of representative operational 

loads, corresponding to nominal output torque values of 3500 Nm, 4500 Nm, and 5500 Nm. 
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While the figure shows the target setpoints, the actual measured data from the full durability 

campaign provides insight into the operational stability of these working points. Table 6 presents the 

statistical summary of the measured working points throughout the longest durability test Test7C, 

after the removal of outliers resulting from test restarts or transitional acquisition phases. 

 

A key observation from this statistical analysis is that the clusters corresponding to the higher speed 

and higher current (i.e., higher load) operating points exhibit a greater standard deviation. This 

increased variability is expected, as higher torque transmission can induce more dynamic 

fluctuations within the mechanical system. Understanding this baseline variability is crucial for 

setting appropriate thresholds for anomaly detection models. 

6.2 Specific Methods  

This section details the specific, multi-stage methodology developed for anomaly detection in the 

gearbox durability tests. It is important to note that the workflow described herein represents the 

most refined version of the framework, developed and finalized based on the comprehensive data 

from the Test7C experimental campaign. Consequently, the analysis of earlier tests, such as Test7B, 

may refer to a previous iteration of this methodology, with any differences being explicitly noted in 

the relevant results section. 

The overall workflow of the proposed anomaly detection procedure is depicted in Figure 49. The 

methodology employs a hybrid approach, integrating physics-informed feature extraction with 

unsupervised machine learning models to identify incipient faults from sensor data. 

 

Working Point Mean Current Mean RPM Std Current Std RPM 
WP 0 19.02 791.85 0.074 0.445 
WP 1 17.35 -1065.49 0.105 0.226 
WP 2 18.88 -1498.86 0.066 0.293 
WP 3 26.59 -2128.47 0.189 1.690 
WP 4 19.33 -790.81 0.088 0.287 
WP 5 17.05 1069.09 0.096 0.376 
WP 6 18.69 1502.87 0.069 0.390 
WP 7 26.19 2130.73 0.205 1.632 

Table 6 - Statistics of Working Point about Nominal Working Cycles, Test7C 
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Figure 49 - Workflow of the Anomaly Detection Procedure Specific for this Campaigns Test 
 

The central part of the block diagram illustrates how raw data is processed to determine significant 

features, which are then strategically grouped according to the mechanical component they are 

most sensitive to. A critical aspect of the methodology is that the anomaly detection models are only 

applied when the device under test is operating under stable, pre-defined working points. The 

definition of the "healthy" training baseline for these models is not arbitrary; it is determined by 

analyzing the ferrous particle trend from the online oil quality sensor. Once trained, the models 

evaluate an anomaly detection index for each feature group. To enhance robustness and avoid false 

positives, the instantaneous values of this index are subjected to further statistical analysis. 

 

The following subsections will provide a detailed, step-by-step description of each major stage in this 

process, from the initial definition of working points to the final generation of a consolidated health 

index. 

6.2.1 Definition of Working Point and Outlier Removal 

In the first stage of the data processing pipeline (Figure 49, top left), motor current and rotational 

speed are analyzed to distinguish significantly from non-significant operating conditions. Current 

and speed have been selected due to their availability on the field: although this paper presents data 

generated during laboratory tests, the anomaly recognition methodology has been developed with 

the aim of recognizing faults even in standard working conditions, without the need to install 

additional sensors. This step is essential for rejecting acquisition data associated with transients or 

other states which are not representative of the gearbox’s nominal load cycle. Data points outside 
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the standard working cycle are systematically removed, ensuring the integrity of the anomaly 

detection process. Outliers are identified as points that do not belong to the dense clusters 

corresponding to stable operating conditions. The procedure is fully automated and independent of 

the specific usage pattern. The largest deviations typically occur during start-up and shut-down 

phases, often related to scheduled inspections, and are more evident in motor current than in motor 

speed, which remains comparatively stable throughout the test. 

 

Figure 50 - DBSCAN Clustering Results. (a) Inliers and Outliers. (b)Clusters of Working Point 

Efficient visualization of operating conditions is provided by the motor current–motor speed diagram 

(Figure 50). Here, all data points representing the summary of each acquisition are plotted, and the 

DBSCAN clustering algorithm is applied to classify them into two groups: inliers (valid working points) 

and outliers (non-representative conditions). During pre-processing, outliers are eliminated since 

they are sparse compared to the main clusters and cannot support meaningful statistical analysis. 

When data refers to an operating condition that has been labeled as an outlier, the anomaly detection 

algorithm is not applied. 

In this context, motor current (measured via clamp meter) is reported as the primary variable, as it 

directly reflects the torque level at which the gearbox operates. Consequently, all transients are 

discarded, and subsequent vibration analysis is restricted to the stable working points defined in the 

diagram. 
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6.2.2 Definition of Health and Stable Phase of Life via Oil Analysis 

Wear debris analysis is widely regarded as a cornerstone of gearbox diagnostics and prognostics 

[72]. Particles suspended in lubricating oil carry valuable information about the condition of internal 

components, and their quantity, size, shape, and composition can be linked to specific wear 

mechanisms. Since elemental spectroscopy is effective for fine particles but less sensitive to coarse 

debris, it is often complemented by ferrous density analysis to capture a wider range of wear 

indicators. Recent studies also emphasize the benefits of integrating wear debris data with vibration 

monitoring for more robust assessments of machine health. Advanced methods, such as multi-

variable grey prediction models, aim to interpret complex debris patterns and correlate them with 

specific component degradation. Ultimately, monitoring wear particle generation over time is 

considered essential for predictive maintenance and reliability enhancement [73]. However, it is 

crucial to recognize that this data is inherently linked to the oil change intervals; trend analysis is 

therefore more significant than absolute values, as oil changes will reset the measurement baseline. 

Building on this background, the developed approach exploits oil quality data—particularly ferrous 

particulate concentration—to define a supervised training set for anomaly detection. Figure 7(a) 

shows the raw oil quality signal inside the gearbox housing, together with its zero-phase filtered 

version. The lower subplot Figure 7(b) reports the first and second derivatives of the signal, which 

were used to segment the gearbox lifecycle into distinct phases. The region highlighted green 

delineates the period identified as the most stable, 'healthy' state of operation, which occurs 

immediately following the running-in phase. This segment was selected to serve as the training set 

for the anomaly detection models. The end of the running-in period is identified by analyzing the first 

derivative: the interval where the derivative assumes low values, corresponding to slow particulate 

growth, is selected. During the running-in phase, deposition is accelerated by the fact that 

tribologically stable contact between components is achieved, as confirmed by the bathtub curve. 

In the proposed strategy, the 25th percentile of the derivative is used as a threshold.  The period that 

satisfies this condition—representing the healthy operational baseline—is highlighted by the 

transparent green band in Figure 7(b). This statistical threshold was chosen to provide a robust and 

objective method for isolating the period of lowest, most stable wear that represents the healthy 

operational baseline.  

The derivative trend resembles the classical “bathtub curve,” comprising three stages: (i) early 

failures or infant mortality (decreasing failure rate), (ii) useful life (approximately constant rate), and 
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(iii) wear-out (rapidly increasing failure rate due to wear). This correlation between failure rate and the 

evolution of ferrous debris from gear contacts has been highlighted in prior studies [74], [75], [76]. 

 

Figure 51 - (a) Oil Quality Trend. (b) Wear Rate Analysis via Derivatives 

Accordingly, the training dataset for the anomaly detection model is drawn from the stable phase of 

gearbox life, thereby avoiding contamination by outliers. For Example, for Test7C case studies 

results, the training set consists of 600 working hours of data captured immediately after the running-

in phase was declared complete. The selection of this duration is guided by two key requirements. 

First, enough acquisitions, a minimum of approximately one hundred, is needed to ensure that the 

clusters for all eight nominal working points are statistically well-defined and stable. Second, a 

longer observation period is necessary to compensate for the non-homogeneous acquisition 

sequence of the work cycle (see Figure 48), which samples certain high-speed working points in 

consecutive blocks. The 600-hour duration ensures that all operational states are adequately 

represented in the training data, preventing any potential bias in the model. This resulting dataset 

enables the implementation of a novelty detection strategy, in which the model is trained only on 

healthy data and tasked with detecting new anomalous observations. 

6.2.3 Signal Processing and Features Extraction for IEPE and CUS 

To translate the diagnostic principles into practice, the first feature extraction stage focused on the 

IEPE vibration signals. Standard time-domain statistical indicators were computed, including RMS, 

Crest Factor, Kurtosis, Skewness, and Peak value, to capture the overall energy and impulsiveness of 

vibration. In parallel, the frequency spectrum (FFT) was partitioned into contiguous 1 kHz bands from 
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500 Hz to 24.5 kHz, and the RMS of each band was calculated to describe how energy is distributed 

across the spectrum. This broadband vibrational analysis provides a general assessment of machine 

health, complementing the targeted, order-specific analysis of ultrasonic signals. 

For the CUS ultrasonic sensors, a more selective strategy was required. The analysis focused on 

specific spectral orders known to be sensitive to gearbox components health. To extract a robust 

feature for each order, a proportional, percentage-based windowing method was adopted to 

compute RMS values from the FFT spectrum. 

This technique addresses a key challenge in analyzing signals with a wide range of frequencies. 

Instead of using a fixed-width frequency band (e.g., ±10 Hz) for all orders, the analysis window for 

each order is defined as a percentage of that order's own central frequency. For a given order with a 

target frequency f_target, the window is defined over the interval [f_target × (1 - p), f_target × (1 + p)], 

where p is the specified window percentage. This proportional bandwidth ensures that low-

frequency orders (e.g., a 0.5x shaft order of the last stage of reduction) are analyzed with a narrow, 

high-resolution window, while higher-frequency orders (e.g., a 10x GMF harmonic) are analyzed with 

a correspondingly wider window. This strategy is essential for preventing spectral overlap between 

adjacent low-frequency orders and ensures a consistent analysis relative to the order's frequency. 

The feature for each order is then calculated as the Root Mean Square (RMS) value of all the FFT 

magnitude points that fall within its defined percentage-based window. These features target the 

most common gearbox failure modes [53]:  

• Low-order shaft harmonics (imbalance, misalignment, looseness). 

• The fundamental Gear Mesh Frequency (GMF) and its first nine integer harmonics (i.e., orders 

1xGMF through 10xGMF). The fundamental GMF is the primary indicator of the overall health 

of the gear meshing process, while its harmonics are highly sensitive to distributed faults 

such as generalized tooth wear or lubrication issues. 

• Sidebands around the GMF, which are essential for detecting localized faults such as a single 

cracked or pitted tooth. Specifically, three pairs of sidebands modulated by the shaft 

rotational frequency (f) were monitored around each GMF: [GMF ± 1f, GMF ± 2f, GMF ± 3f]. 

• Characteristic bearing frequencies (defects in cage, rolling elements, outer race, inner race). 

In total, 148 orders were extracted per sensor, distributed as follows: 
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• Shaft harmonics: orders 0.5, 1, 2, 3 for each of the 4 shafts → 16 orders. 

• Gear Mesh Frequencies (GMF) and Harmonics: The fundamental GMF (order 1) and its first 

nine harmonics (orders 2–10) for each of the 4 gear stages → 4 stages × 10 orders/stage = 40 

orders. 

• Sidebands: Six key sidebands (three pairs: ±1f, ±2f, ±3f) around the GMF for both the pinion 

and crown gear shafts of each of the four stages → 6 sidebands/shaft × 2 shafts/stage × 4 

stages = 48 orders. 

• Characteristic bearing frequencies: which correspond to defects in the cage (Fundamental 

Train Frequency, FTF), rolling elements (Ball Spin Frequency, BSF), outer race (Ball Pass 

Frequency of the Outer race, BPFO), and inner race (Ball Pass Frequency of the inner race, 

BPFI). For 10 bearings → 40 orders. 

By monitoring these orders, the framework produces a physically meaningful representation of 

gearbox health, once the levels corresponding to healthy conditions have been assessed.  

In addition, envelope detection was applied to the raw ultrasonic signals, demodulating the high-

frequency carrier and exposing low-frequency fault impulses [77]. This process is enhanced by the 

heterodyne principle, which shifts ultrasonic waves (typically 35–45 kHz for bearing defects) into the 

audible range. The CUS sensor circuitry mixes the ultrasonic signal with a local oscillator, producing 

new frequencies, including their difference, which can be monitored directly (see Chapter 4.2.1)  

[78]. This translation not only enables frequency-domain analysis but also allows maintenance 

professionals to listen to machine condition or store the signals as audio files [79], [80]. The ability 

to detect subtle, early-stage signatures of component wear makes heterodyned ultrasonic 

monitoring a cornerstone of modern PdM.  

Figure 52 summarizes the feature extraction workflow.  
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Figure 52 - Signal processing & features extraction workflow 

6.2.4 Anomaly Detection and Health Index Generation 

The second stage of the workflow leverages unsupervised models to fuse multi-sensor features into 

a unified health index. This approach is widely supported in the literature: autoencoders are often 

trained on normal operational data, and their reconstruction error is used as an anomaly score to 

represent machine health [81], [82]. Similar strategies have been applied in robotics, where 

unsupervised models, including autoencoders, are used to monitor the condition of robot arms and 

mobile systems [83], [84]. Multi-sensor data fusion is now considered a pillar of condition 

monitoring, with deep learning models combining features from different sensors and domains (time 

and frequency) to improve diagnostic accuracy [85], [86]. More advanced architectures, such as 

Generative Adversarial Networks (GANs) and autoencoder variants, have also been proposed to 

capture non-linear correlations in multivariate sensor data, enabling robust early fault detection [87]. 

In the present study, a parallel analysis strategy was adopted to generate distinct health indices for 

different sensor types and component groups, as illustrated in the workflow in Figure 53. This 

approach, which allows for both a general assessment of machine health and a more targeted 

diagnostic insight, based on the Local Outlier Factor (LOF) unsupervised anomaly detection model 

[48]. 

The LOF algorithm was implemented using the lof function from the MATLAB Statistics and Machine 

Learning Toolbox. For this study, the default hyperparameter settings of the toolbox were used. These 

include a value of NumNeighbors set to min (20, n-1) (where n is the number of unique observation), 
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the Euclidean distance metric, and a ContaminationFraction of 0 to perform novelty detection. The 

models were trained exclusively on data from the stable operational phase, as identified via oil 

analysis (see 6.2.2). The resulting LOF score for each new acquisition, which represents its deviation 

from the learned 'healthy' data distribution, serves as the health index. 

This trained model was then applied in two parallel streams: 

1. A General Health Index (GHI) for the entire gearbox was developed by applying the LOF 

model to the set of general statistical features from the IEPE accelerometers. This provides a 

single, overarching measure of the system's vibrational health. 

2. A highly granular, component-level analysis was conducted using the high-frequency data 

from the CUS ultrasonic sensors. The 148 order-based features were first segregated based 

on the specific component they describe. A separate LOF model was then trained for each 

individual component, yielding a dedicated Specific Health Index (SHI) for every monitored 

element. This results in five distinct SHIs for shafts, five for bearings, and four for gears. This 

highly targeted methodology moves beyond localizing a fault to a component group and 

enables the identification of the specific component that is beginning to degrade. 

To ensure that the diagnostic output is sensitive to persistent degradation trends rather than spurious 

single-point anomalies, a final processing step involves applying a moving average filter to the raw 

SHI and GHI time series. 

 

 



132 
 

 

Figure 53 - Anomaly Detection and health Index Generation Pipeline 

The final step in the methodology is the definition of alarm thresholds to make the Health Indices 

actionable for maintenance decisions. Two levels were defined: a 'Pre-Alarm' (Warning) threshold to 

indicate a significant deviation, and an 'Alarm' threshold to signal a more advanced state of 

degradation. 

Theoretically, these thresholds can be set a priori using a statistical approach based on the 

distribution of the Health Index during the 'healthy' training period. For instance, a threshold could 

be defined as the mean plus a multiple of the standard deviation of the training HI values. For what 

concern Test7C, the mean GHI during training was 1.19, while the mean SHI values for the key axes 

were 1.75 (AX1), 1.75 (AX2), and 2.58 (AX3). 

Given that the average values of these diverse health indices were observed to be of a comparable 

order of magnitude during the training phase, a fixed-threshold strategy was implemented to provide 

a simple yet generalizable approach. The fixed thresholds introduced—a Pre-Alarm of 7.5 and an 

Alarm of 10.0—can be considered an approximation of applying a common multiplicative factor to 

the various baseline health indices. As will be demonstrated in the Results section, these values 

proved to be highly effective for the LOF-based Health Indices in this test. They provide an excellent 

balance between sensitivity and robustness, successfully delivering an early and reliable warning of 

the developing fault while remaining insensitive to normal operational variability. This confirms that 

for this application, a well-chosen fixed threshold can serve as a simple yet powerful detection 

method. 



133 
 

A key advantage of this methodology lies in its low computational complexity, which supports real-

time implementation on local hardware and ensures operational independence from external 

servers or cloud platforms. 

6.3 Evaluate Campaign Results 

This section presents the results from the experimental test campaign, with the primary objective of 

validating the specific anomaly detection framework detailed in Section 6.2. The following 

subchapters will discuss the findings from each of the durability tests. 

It is important, however, to first clarify the role of the initial test, Test7A. The primary focus of this test 

was the initial configuration and setup of the experimental environment. This included the validation 

of the data acquisition system, the final definition of the nominal work cycle, and an initial 

assessment of sensor sensitivity to various features. While the oil data from this test was used to 

verify the consistency of ferrous particulate trends, the test was not run to failure and did not produce 

the extensive dataset required for a full diagnostic analysis. Consequently, a detailed analysis of 

Test7A is not presented in this thesis; the focus will be placed on the subsequent tests that 

completed longer durability cycles and developed significant, diagnostically relevant faults. 

6.3.1 Test7B 

The first durability test subjected to a detailed diagnostic analysis in this research is Test7B. The 

physical test environment is shown in Figure 54, which depicts the initial installation of the sensor 

suite within the S.T.M. R&D test room. 
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Figure 54 - STM Research and Development test room, Installation of sensors, Test7B. 

This test was conducted for a total duration of 2187.5 working hours and was completed without any 

oil changes, providing a continuous dataset for tracking the natural degradation of both the lubricant 

and the mechanical components. Throughout this duration, the gearbox was subjected to the 

standard Nominal Working Cycle, as detailed in Section 6.1. This cycle consists of eight distinct 

working points (four clockwise and four counterclockwise), with a 150-second high-frequency 

acquisition recorded every 30 minutes of continuous operation. 

The specific configuration and placement of the condition monitoring sensors on the Device Under 

Test for this test are illustrated in Figure 55. 
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Figure 55 - Position of the sensor in the Device Under Test, Test7B. 

The analysis of the Test7B dataset was conducted using an earlier iteration of the signal processing 

and feature extraction framework, the workflow of which is depicted in Figure 56, is that the data was 

processed using an earlier iteration of the signal processing and feature extraction framework. For 

this specific durability test, a key characteristic was that both data acquisition and the subsequent 

feature extraction were performed in real-time by an onboard Electronic Control Unit (ECU), 

specifically the Miracle 2 hardware developed by Alma Automotive. 
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Figure 56 – OLD Signal processing & features extraction workflow, Test7B. 

As the workflow diagram illustrates, this earlier methodology differs from the refined framework 

(previously shown in Figure 52) in several critical aspects. Advanced processing for the ultrasonic 

sensors, such as envelope filtering and the specific extraction of component-related features, was 

not yet implemented. Instead, the component-specific features were primarily derived from the IEPE 

accelerometer signal. Furthermore, the post-processing of this IEPE data also varied slightly, with 

the RMS calculation for spectral orders employing a wider window (0.125% of the center frequency) 

compared to the more selective window (0.0125%) used in the current strategy. 

An example of a raw feature trend generated by this process is presented in Figure 57. The plot 

illustrates the unfiltered trend of the second-order sideband of the AX3 shaft frequency around the 

fourth-stage gear mesh frequency (GMF4), extracted from the IEPE_IN sensor.  
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Figure 57 - Trend of the Features GMF4 f AX3 2x of IEPE IN signal, Test7B. 

To enhance the interpretability and reveal underlying degradation patterns, a moving average filter 

was applied to the features, with the data grouped by individual working points. This visualization 

technique, shown in Figure 58, allows for direct assessment of a feature's behavior under specific 

load, speed, and rotational direction conditions. This approach makes it possible to understand 

under which specific operating conditions a potential vibration anomaly is most prominent. The 

figure also highlights three distinct lifecycle phases, identified for subsequent analysis and model 

training: the running-in phase (yellow), the stable operational phase (green), and the final wear-out 

phase (red). It is possible to note that Working Point number 5 described by (19.33 [A] and -790.8 

[rpm]) is the one that stands out from all the others in terms of growth trend at the end of the test.  
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Figure 58 - Trend of the Features GMF4 f AX3 2x of IEPE IN signal, moving average for Working Point, Test7B. 

The final diagnostic output of this earlier framework is a component-level Specific Health Index (SHI), 

which was generated using a One-Class Support Vector Machine (OC-SVM) as the anomaly 

detection model. Figure 59 presents the resulting SHI values for 27 distinct component features 

derived from the IEPE_IN signal. The results are visualized as a bar plot, comparing the anomaly 

scores across the three identified lifecycle phases (running-in, stable, and wear-out). It is important 

to note another key difference from the current methodology: in this earlier framework, the SHI for 

gear-related faults was disaggregated, with separate indices for the gear mesh frequency (GMF) and 

its sidebands, unlike the consolidated gear index used in the refined strategy. The anomaly score bins 

in which the wear-out phase in relation to the stable phase marks a higher value are those of the 

fourth stage and partially also of the third stage and meshing. 
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Figure 59 – SHI: OC-SVM Anomaly Score trend over gearbox life stages, Test7B. 

To provide a more granular, frequency-domain perspective on the detected anomalies, the analysis 

also examined the trend of the OC-SVM anomaly score when applied to multiple, distinct frequency 

bands extracted from the IEPE signal. Figure 60 illustrates the evolution of these scores across the 

three identified life stages of the gearbox. This type of visualization helps to identify which specific 

parts of the frequency spectrum are contributing most to the overall degradation trend, offering 

further insight into the nature of the wear mechanisms present during the test. 
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Figure 60 - OC-SVM Anomaly Score trend of multiple frequency bands over gearbox life stages, Test7B. 

To quantitatively validate the distinct characteristics of the identified lifecycle phases, a supervised 

learning approach was also employed. The time windows previously identified as 'Running-in', 

'Stable Phase', and 'Wear out' were used to create a labeled subset, representing approximately 20% 

of the total dataset. A decision tree classifier was then trained on this supervised data. To ensure a 

robust and generalizable result, the model's training was performed using a Stratified K-Fold cross-

validation strategy. 

Following the training phase, the validated classifier was applied to the entire dataset to predict the 

corresponding lifecycle stage for every acquisition. The results of this classification are summarized 

in Figure 61. The figure utilizes horizontal boxplots to visualize the distribution of the model's 

predictions over the course of the test. Each boxplot quantifies the statistical spread (median, 

quartiles, and range) of the predicted classes as a function of working hours, providing a clear visual 

representation of how the machine's state, as interpreted by the model, transitions through the 

different phases of its life. 
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Figure 61 - Classification of the life stage of the gearbox, Test7B. 

The quantitative output from the model provides a clear breakdown of the total duration assigned to 

each phase: 

• Running-in: 435.5 [h] 

• Stable Phase: 1191.0 [h] 

• Wear out: 546.5 [h] 

This classification is highly coherent with the expected lifecycle behavior, mirroring the structure of 

the theoretical bathtub curve. The 'Stable Phase' correctly constitutes the largest portion of the 

gearbox's operational life, analogous to the "useful life" period of the bathtub curve. This result not 

only validates the distinctness of the identified operational phases but also reinforces the 

connection between the vibration-based features and the underlying tribological wear patterns of 

the machine. 

To further explore the distribution of the classification results, Figure 62 presents the same data using 

a violin plot. This visualization combines a traditional boxplot with a kernel density plot (the 'violin' 

shape), which illustrates the probability density of the data at different values. The inner boxplot 

provides the standard quartile information, while the outer shape reveals the full distribution. This 
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dual representation offers a more nuanced view than a simple boxplot, clearly showing the 

concentration of predictions for each life stage at different points in the gearbox's operational history. 

 

Figure 62 - Classification stage of gearbox life using violin plot, Test7B. 

An alternative, highly granular visualization is provided in Figure 63, which displays the results as a 

swarm plot. This type of plot positions each individual data point along the categorical axis, with 

points adjusted horizontally to avoid overlap. The primary advantage of this visualization is that it 

shows the distribution of every single prediction without losing the granularity of the individual data 

points, offering a clear view of the density and spread of the classifications over time. 
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Figure 63 - Classification stage of gearbox life using swarm plot, Test7B. 

Finally, to analyze the temporal evolution and total duration of each life stage, Figure 64 presents the 

cumulative duration of the classifications over the course of the gearbox's operation. This plot tracks 

the total accumulated time that the model has assigned to each of the three stages ('Running-in', 

'Stable Phase', 'Wear out') as the test progresses. By visualizing the cumulative time, this 

representation provides a clear overview of the total life expectancy spent in each stage, reinforcing 

the finding that the 'Stable Phase' constitutes the majority of the gearbox's operational life. 
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Figure 64 - Cumulative Life Stage Classification Duration Over Gearbox Operation, Test7B. 

While this supervised classification successfully validates the distinctness of the identified lifecycle 

phases, the approach has notable practical limitations that must be considered for broader 

application. The primary limitation is its reliance on a priori labeled data. The model requires a pre-

defined, supervised dataset where segments of the operational history are already manually 

classified into the three different life stages. This presupposes that the health evolution of a unit is 

already known, making the approach more suitable for retrospective analysis than for a truly 

predictive, forward-looking application on a new unit. 

Furthermore, the generalizability of a model trained on a single durability test is a significant concern. 

For the classifier to be effective across a fleet of similar gearboxes, the statistical distribution of the 

input features must remain highly consistent from one unit to another. Any significant variation in 

manufacturing tolerances, assembly, or operational conditions could alter the feature space, likely 

leading to a high rate of misclassification when the pre-trained model is applied to a new gearbox. 

Therefore, without a robust process for model recalibration or domain adaptation for each new unit, 

this supervised classification method is not readily scalable as a universal diagnostic tool. 
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6.3.1.1 Discussion 

Following the completion of the 2187.5-hour durability test, the gearbox was disassembled for a 

detailed inspection to identify the root cause of the degradation trends observed in the condition 

monitoring data. A visual overview of the gearbox's internal state post-disassembly is provided in 

Figure 65, with a closer examination of the individual meshing stages shown in Figure 66. 

 

 

Figure 65 - Photo of the gearbox after disassembly at the end of the test, Test7B. 
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Figure 66 - Close-up view of meshing stages, Test7B. 
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The inspection revealed the primary source of the wear-out signature: the development of significant 

pitting on the pinion of the third axis (AX3), which is part of the final, fourth stage of reduction. A 

detailed photograph of this fault is presented in Figure 67. 

 

 

Figure 67 - Detail showing pitting on the AX3 pinion, last stage, Test7B. 

This physical evidence provides a direct and definitive confirmation for the trends observed in the 

feature analysis. The upward trend previously noted in the sideband features of the AX3 shaft 

frequency, specifically around the fourth-stage gear mesh frequency (GMF4) and extracted from the 

IEPE_IN sensor, was a direct result of the repetitive impacts generated by this pitting. 

Furthermore, the inspection revealed that the pitting was concentrated on only one side of the tooth 

flank. This observation perfectly explains the behavior seen previously in Figure 58, where the 

anomalous trend was only evident when the gearbox was operating in the counterclockwise 

direction. In this specific rotational direction, the load was applied to the damaged flank of the tooth, 

causing the impacts to manifest in the vibration signal. Conversely, in the clockwise direction, the 
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load was applied to the healthy flank, and the fault signature was not present. This confirms the 

diagnostic power of analyzing features on a per-working-point basis to isolate the specific 

operational conditions under which a fault is active. 

6.3.2 Test7C 

Figure 68 shows the sensor configuration on the DUT, including two IEPE accelerometers (IEPE_IN 

and IEPE_OUT), three ultrasonic sensors (CUS_1–3), several thermocouples (PT_IN, PT_IN_2, 

PT_MIDDLE, PT_OUT), and the encoder signal (rpm_IN), all acquired as analog inputs. Oil quality and 

motor current were also recorded via Controller Area Network (CAN) bus. As reported in the figure, 

while CUS sensors have been placed on bolts holding the carters covering the three intermediate 

shafts housings, IEPE accelerometers have been positioned on the gearbox case, to monitor the 

input and output shafts.  

 

Figure 68 - Position of the sensor in the Device Under Test, Test7C 
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Figure 69 62 shows the trend of fine ferrous particulate matter over the entire test, highlighting its 

correlation with key chronological events: 

 

Figure 69 - Ferrous Particle Trend during Test7C 

• ≈ 2000 h – First oil change; ferrous particulate level reset to zero. 
• 2541 h – Change of working point; torque reduced by 1000 Nm from nominal values; change 

in slope observed in particulate growth curve. 
• ≈ 3000 h – Suspect bearing failure; significant increase in growth rate of ferrous particulate 

matter. 
• 3135.5 h – First test stop due to excessive vibration and acoustic emissions from the DUT. 

Change of oil and replacement of the faulty bearing. 
• 3800 h – Second and last stop of the test. 

A first interesting result of the proposed approach consists in assessing the efficacy of the signal 

post-processing and feature extraction workflow in distinguishing between healthy operational wear 

and a distinct component fault. Figure 70 provides a direct visual comparison of the processed 

ultrasonic signal's frequency spectrum from the ultrasonic sensor CUS_2 (located on AX3) under 

these different conditions, proving the sensitivity to the considered fault. 

To establish a robust "healthy" baseline, three spectral logs are presented from Test7B, on the other 

separate durability test that was completed without any bearing faults occurring on the third axis 

(AX3) and with the same nominal working condition of Test7C. These logs represent three distinct 

lifecycle phases: 
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• The initial running-in period, characterized by elevated broadband noise. 

• The stable operational phase, which exhibits the lowest overall noise floor. 

• The final wear-out phase, where noise levels increase generally due to natural degradation, 

but without forming discrete, fault-related harmonics. 

In stark contrast, the fourth log presented in the figure is taken from the primary case study, Test7C, 

at a point where the AX3 bearing fault was actively developing. This spectrum is fundamentally 

different from the healthy baselines. It is dominated by a series of high-amplitude, distinct peaks at 

the fundamental rotational frequency of the third axis (AX3) and its subsequent integer harmonics 

(e.g., 2x, 3x, etc.). This strong harmonic family is a classic signature of a shaft-synchronous, repetitive 

impact phenomenon, directly pointing to a fault on a component rotating at that speed, such as the 

AX3 bearing. This comparison demonstrates that the feature extraction methodology is highly 

effective at isolating the physically meaningful signatures of a component fault from the general 

noise of a healthy, aging machine. 

 

Figure 70 - Different logs that explain different phases of the life of the gearbox. Test7B - Running-in (blue), Test7B - Stable 
Phase (red), Test7B - Final Phase (yellow) and Test7C - Bearing Fault (purple). 

While the same fault signatures were eventually visible in the IEPE accelerometer signals, they 

appeared with a significant time delay and a lower signal-to-noise ratio compared to the ultrasonic 
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data, underscoring the importance of both sensor selection and appropriate signal processing for 

effective early fault detection. 

The influence of sensor placement was evaluated by comparing signals under fault conditions. As 

shown in Figure 7164, the most sensitive sensor was CUS 2, installed on the slowest and quietest 

stage. In contrast, CUS 3, mounted on the first stage, proved very noisy and was unable to highlight 

the fault on axis 3, even after post-processing. This confirms that sensor positioning plays a critical 

role in the detectability of localized faults (see  Figure 68 for sensor layout). 

 

Figure 71 - Comparison between the sensitivity of ultrasonic sensor to mounting position. CUS 1 (blue), CUS 2 (red), CUS 
3 (yellow). 

Figure 72 illustrates the trend of the Warning Index generated by the Local Outlier Factor (LOF) 

anomaly detection model. The model was trained on general IEPE features, excluding Crest Factor 

and Kurtosis, using the shaded green region as the training set. The index crossed the pre-alarm 

threshold at ~2430 hours and the alarm threshold at ~2820 hours, providing substantial lead time 

before the test was stopped at 3135.5 hours due to excessive vibration and acoustic emissions. 
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Figure 72 - Trend of the General Health Index (GHI) and definition of Threshold for IEPE Sensor 

Figure 7366 reports the comparative trend of the Specific Health Index derived from the CUS 

ultrasonic sensors for bearings on three different axes (AX1, AX2, and AX3). While a general upward 

trend is observable across all three indices as the machine ages, indicating a system-wide increase 

in wear, the index for AX3 provides the earliest and most decisive fault indication. The AX3 index is 

the first to surpass the Alarm threshold, doing so at approximately 2380 working hours, and 

subsequently deviates from the healthy baseline far more significantly than the others. The index's 

sensitivity to operational changes is also evident, with a notable drop corresponding to the 1000 Nm 

torque reduction, followed by a final, sharp rise immediately preceding the confirmed bearing failure 

at 3135.5 hours when the test was stopped. A similar, though significantly less pronounced, trend 

was observable in the General Health Index derived from the IEPE sensor, highlighting the superior 

sensitivity of the ultrasonic-based features for this specific failure mode. 

CUS sensors demonstrated markedly higher sensitivity to the transient impacts typical of incipient 

faults compared to traditional IEPE accelerometers. While this improves early detection capability, 

it also introduces volatility in the raw anomaly score. To mitigate false alarms from isolated events, 

the detection criterion was therefore defined not by instantaneous threshold crossings, but by the 

point at which a moving average of the Specific Health Index consistently exceeds the thresholds as 

described before. 
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It is crucial to note that the monitoring strategy and the alarm thresholds shown in the figure are only 

active after the anomaly detection model has been trained. The training process itself is performed 

on a set of 'healthy' data collected immediately following the machine's initial running-in period. 

Therefore, the timeline presented in the figure begins at the start of the active monitoring phase, 

subsequent to both the running-in and the model training stages. 

 

Figure 73 - Specific Health Index for the CUS Ultrasound sensor, focus on bearing on different axis. (a) AX1 bearings, (b) 
AX2 bearings, (c) AX3 bearings. 

6.3.2.1 Discussion 

This section assesses the practical effectiveness of the proposed Early Fault Diagnosis (EFD) 

framework by correlating anomaly detection results with ground-truth events from the Test7C 

durability test, which ended with a catastrophic bearing failure on the AX3 shaft. The test was 

stopped at 3135.5 working hours due to excessive vibration and noise. Teardown and inspection 

confirmed advanced deterioration, with complete cage destruction and displacement of the rolling 

elements (Figure 14). This catastrophic failure represents the definitive end-of-life point (F-point) for 

evaluating the lead time provided by the monitoring system. 
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Figure 74 - AX3 bearing after the first teardown at 3135.5 Working Hours 

Analysis of the test timeline alongside model outputs highlights the following events: 

• 2315 h – The CUS ultrasound-based Specific Health Index for AX3 first exceeded the second 
Alarm threshold, providing the earliest definitive indication of fault development. 

• 2430 h – The IEPE sensors-based General Health Index exceeded the first threshold 
• 2541 h – A sharp increase in noise prompted manual intervention, reducing operational 

torque by 1000 Nm. 
• 2750 h - The CUS ultrasound-based Warning Index for AX3 exceeded the second Alarm 

threshold for the second time. 
• 2840 h - The IEPE ultrasound-based General Health Index exceeded the second Alarm 

threshold. 

• 3135.5 h – The test was halted due to sustained severe vibration and acoustic 
emissions. The DUT failure is finally diagnosed. 

From this timeline, the EFD framework demonstrated clear predictive capability, issuing actionable 

warnings well before both operational disruption and final failure. In particular, using ultrasound 

contact accelerometers the system provided: 

• ~226 hours of lead time (2541 h – 2315 h) before manual intervention became necessary, 
reducing the load torque by 1000 Nm  

• ~820.5 hours of total lead time (3135.5 h – 2315 h) before catastrophic failure required test 
termination. 

The use of IEPE sensors on the input/output shaft provided fault detection performance aligned 

with careful manual inspection 
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• The first alarm threshold was exceeded after 2430 hours, anticipating by 111 hours the 
change in working point decided by the bench operator due to noise. 

• The second threshold was exceeded after 2840 hours, anticipating the actual failure by 
almost 295 hours   

 

6.3.3 Test7D 

The experimental campaign for Test7D was designed with a distinct objective compared to the 

previous durability-to-failure tests. Its primary purpose was to evaluate and study the behavior of oil 

aging and to support a specific oil homologation process in following Petronas instruction. To achieve 

this, the gearbox was subjected to a particular life cycle involving multiple, distinct stages of running-

in and loading, as detailed in the overall test summary (Table 4). 

Reflecting its specific focus and validating the configuration of the condition monitoring package 

offered to commercial customers, a more streamlined sensor suite was installed on the DUT. As 

shown in Figure 7568, this included one IEPE accelerometer and one CUS ultrasonic sensor, 

strategically placed on the gearbox housing in a location determined to be most sensitive for a 

general health assessment. This core setup was supplemented by the essential WearDetect oil 

quality sensor, an encoder for rotational speed, a thermocouple for gearbox temperature, and 

additional sensors to monitor ambient temperature and humidity. 
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Figure 75 - Position of the sensor in the Device Under Test, Test7D 

To achieve the objectives of the oil homologation study, Test7D was subjected to a unique, multi-

stage loading profile designed to stress the lubricant under various conditions. As illustrated by the 

motor current trend in Figure 76, the test cycle included four distinct phases: an initial running-in 

period without load, a second running-in period at -20% of the nominal cycle load, a period of 

operation under the standard nominal cycle, and a final overload phase. 
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Figure 76 - Level of Current during Working Cycle, Test7D 

A key finding from this test was the consistency of the wear debris generation when compared to the 

previous durability tests, which serves as a validation of the measurement system and the underlying 

wear characteristics of the gearbox. Figure 77 provides a direct comparison of the ferromagnetic 

particle trends from tests Test7B, Test7C, and Test7D. As the plot clearly shows, the growth curve of 

the ferrous particulate matter in Test7D is very similar to the trends observed in the other tests during 

their stable operational phases. This consistency across different tests and operational cycles 

reinforces the reliability of the oil debris sensor as a primary indicator of the machine's tribological 

condition. The figure also highlights some brief period where the test was halted due to a problem 

with the bench control PLC, an event reflected in the temporary plateau of the wear curve. 
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Figure 77 - Comparison of ferromagnetic particle performance between tests. 

Beyond the oil homologation study, the continuous monitoring during Test7D revealed a distinct and 

diagnostically interesting mechanical phenomenon. At approximately 960 working hours, a clear, 

repetitive impact signature was detected in the ultrasonic sensor data. Figure 78 details this finding 

from a single log of 150 [s] of acquisition. The upper subplot confirms that the gearbox was operating 

at a stable working point (approximately -2135 rpm and 26.3 A) during this time. The lower subplot 

shows the time-domain waveform from the CUS sensor, along with its upper and lower peak 

envelopes, where the repetitive impact is clearly visible. The period of this impact is approximately 

4.7 seconds, which corresponds to a frequency of 0.2128 Hz. When normalized by the input shaft 

speed, this frequency corresponds to an order of 0.0060, which precisely matches the rotational 

order of the final output shaft (AX4_OUT), strongly suggesting a fault or an external object touching 

on this slow-moving component. 
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Figure 78 - Impact Phenomenon Visualization, Test7D 

The evolution of this impact phenomenon over time is shown in Figure 79. The signature is strongest 

and most repeatable at 960 working hours. However, in a subsequent log at 1200 working hours, the 

impact becomes less pronounced and less regular. By 1300 working hours, the distinct impact 

signature has disappeared entirely, although the overall RMS value and background noise of the 

signal have increased. As the gearbox from this test has not yet been dismantled for a detailed 

inspection, the root cause of this phenomenon remains unconfirmed. A leading hypothesis is that a 

component on the output shaft developed a localized defect that generated the initial impacts. This 

defect may have then progressively worn away or fractured, causing the distinct impacts to cease 

while contributing to a general increase in system-wide noise and wear, or as previously mentioned, 

something external interfered with the output shaft. 
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Figure 79 – Evolution of Impact Phenomenon During Time, Test7D 

A more detailed analysis of the impact signature reveals that the events are not random but exhibit a 

highly consistent and repeatable structure. Figure 80 provides a close-up view of three separate 

impacts captured within the same 150-second acquisition. In addition to the raw ultrasonic signal, 

the figure also displays the upper and lower Hilbert envelopes, which clearly trace the amplitude 

modulation of the signal. This analysis shows that each impact event has a consistent duration of 

approximately 0.5 seconds and a very similar amplitude decay profile. 

 

Figure 80 - Comparison of three different impacts of the same acquisition applying Hilbert Envelope, Test7D. 
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To determine if this phenomenon was detectable by other sensor types, a time-frequency analysis 

was performed on the signal from the IEPE accelerometer. The spectrogram of the entire 150-second 

acquisition, shown in Figure 81, reveals that the repetitive impacts are indeed visible in the 

accelerometer data, concentrated in a high-frequency band. 

 

Figure 81 - Impact Phenomenon Test7D Spectrogram of IEPE, specific log at 960 [h]. 

A zoomed-in view of this spectrogram, presented in Figure 82, focuses on the frequency range 

between 16 kHz and 18 kHz where the impact energy is most prominent. This detailed view not only 

confirms the primary carrier frequency of the impacts but also reveals the presence of slight 

sidebands spaced approximately 400 Hz apart, suggesting a potential modulation effect associated 

with the fault. 
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Figure 82 - Impact Phenomenon Test7D Spectrogram of IEPE in the specific windows frequency, specific log at 960 [h]. 

However, a direct comparison of the time-domain signals highlights the critical difference in 

sensitivity between the two sensor types for this specific phenomenon. As shown in Figure 83, the 

amplitude of the impact signature in the raw IEPE signal is approximately one order of magnitude 

lower than the overall RMS of the signal, making it almost imperceptible without advanced filtering. 

In stark contrast, the analysis of the ultrasonic signal (previously shown in Figure 78) demonstrates 

the opposite behavior: the RMS value during an impact is approximately one order of magnitude 

greater than the signal's baseline RMS. This comparison provides definitive evidence of the superior 

sensitivity of the ultrasonic sensor for detecting this specific type of low-energy, high-frequency 

impact event. 
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Figure 83 - Impact Phenomenon Test7D, Comparison of the raw IEPE signal with the filtered one, specific log at 960 [h]. 

6.3.4 Conclusion 

All these tests campaign introduces a multi-sensor condition monitoring framework for the early fault 

diagnosis of industrial gearboxes, validated on a dataset featuring fatal failure (Test7C principally). 

The methodology leveraged a parallel analysis strategy, employing unsupervised anomaly detection 

models to generate both a General Health Index from vibration data and component-specific Health 

Indices from order-based ultrasonic features. The primary findings of this case study are threefold: 

1. The supervised definition of a 'healthy' baseline using oil debris analysis was a critical 

step for ensuring the robustness of the unsupervised anomaly detection models. 

2. For the incipient bearing fault investigated, the targeted analysis of high-frequency 

ultrasonic data provided a significantly earlier and more sensitive detection than the 

general statistical features from traditional accelerometers. 

3. The proposed EFD framework successfully identified the developing bearing fault with a 

total lead time of over 750 working hours before catastrophic failure, demonstrating its 

practical value for predictive maintenance. 

The main result is the development and validation of a hybrid, multi-stage diagnostic framework. This 

framework demonstrates a novel methodology where different sensing modalities are assigned 

distinct, strategic roles: oil analysis is used to supervise the creation of a robust 'healthy' baseline, 
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while high-frequency ultrasonic and vibration sensors are used for real-time, high-sensitivity 

anomaly detection. The value of this approach is quantified on a full lifecycle durability test, 

showcasing a practical and effective path to early fault diagnosis. 

The findings are, however, subject to certain limitations. This study focused on a single bearing failure 

mode within a controlled laboratory environment. The robustness and generalizability of the 

framework should be further validated on a wider range of fault types (e.g., gear tooth pitting, shaft 

misalignment) and on machinery operating under more variable, real-world field conditions. 

Future work could focus on three key areas: (1) extending the methodology to other fault modes and 

gearbox types; (2) deploying the system on in-field assets to assess its performance against 

industrial noise and operational variability; and (3) investigating the potential of deep learning 

models, such as autoencoders, within this multi-index diagnostic framework. 
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7 Electric Powertrain Case Studies 

The transition from internal combustion engines to electric powertrains introduces a new set of 

components, operational characteristics, and potential failure modes. While the fundamental 

principles of condition monitoring and predictive maintenance remain the same, their application 

must be adapted to the specific context of electric motors, power electronics, and high-speed 

gearboxes. This chapter details the application of the methodologies developed in this thesis to 

several industrial case studies involving electric vehicle (EV) powertrains. 

The development and validation of these systems operate within a stringent regulatory and 

standardization framework. At the highest level, functional safety for all automotive electrical and 

electronic systems is governed by ISO 26262, which is an adaptation of the general functional safety 

standard IEC 61508. While ISO 26262 is primarily concerned with preventing failures that could lead 

to hazardous events, its principles underscore the importance of reliability and system integrity, 

which are the core goals of any maintenance strategy [88], [89]. 

Complementing these safety standards are guidelines focused specifically on the practice of 

machine monitoring. ISO 17359:2018 provides the general guidelines for establishing a condition 

monitoring process for machinery, covering aspects from sensor selection and data acquisition to 

diagnostics and prognostics. The case studies presented in this chapter represent the practical 

implementation of these principles, tailored to the unique diagnostic challenges of modern electric 

powertrains [90]. 

7.1 Brief Survey of CM & PdM Techniques in Electric Vehicles (EVs) 

Condition Monitoring (CM) and Predictive Maintenance (PdM) have gained traction in electric 

vehicles (EVs) due to the high availability of sensor data and the critical need for operational 

reliability. Commonly used CM techniques in EVs include vibration analysis, current 

signature analysis (CSA), thermal imaging, and model-based residual analysis [91], [92]. 

These methods enable early detection of faults in bearings, gearboxes, inverters, and 

electric motors. Data-driven approaches are often supported by machine learning models 

that classify system health or estimate Remaining Useful Life (RUL) [93]. 
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For instance, vibration-based monitoring effectively detects mechanical imbalances or 

bearing degradation, while CSA is valuable for diagnosing stator winding faults or rotor 

asymmetries. Emerging research emphasizes combining multi-modal sensor data 

(acoustic, vibration, current, and temperature) to enhance diagnosis accuracy in e-

powertrain components [94]. 

7.2 Test Campaigns & Data Sources 

The data and case studies presented in this chapter originate from a six-month industrial internship 

conducted within the Department of Powertrain and Power Electronics at Rimac Technology in 

Zagreb, Croatia. This collaboration provided access to extensive data from multiple advanced test 

campaigns on next-generation electric vehicle powertrains. The primary work was conducted at the 

company's testing facility in Jankomir, a principal location for powertrain development and 

validation. 

The findings presented in this chapter are derived from a series of extensive test campaigns 

conducted on automotive electric powertrains. This section provides a detailed overview of the 

experimental environment and the nature of the data acquired. The following subchapters will 

describe the physical test bench configurations, the specific objectives and profiles of the different 

test types—including accelerated durability, end-of-line, and overload tests—and the key 

characteristics of the resulting datasets that form the basis for the subsequent analysis. 
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7.2.1 Test Setup 

In this section, the test setup (type of sensor and sampling frequency), the cycles profiles, and the 

test's scope are described. 

 

Figure 84 - System Testbench 1 (STB1) Jankomir. 

Figure 84 shows the configuration of the primary test environment, the System Test Bench 1 (STB1), 

located at the Jankomir facility. This versatile test bench was used for both the Accelerated Durability 

Tests and the End-of-Line Tests. It should be noted that while the majority of the data was generated 

on this bench, some units also underwent partial durability cycles at other company sites, such as 

the ASAP facility. 

The standard layout is shown in Figure 85. The system is configured exactly as it was on BR-1 and 

Cedar, using only one conditioning unit and no AC measurements. To ensure consistency, each UUT 

is mounted so that its drive direction faces the wall. 
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Figure 85 - Standard Layout (STB1). 

For the Gearbox Overload test, the setup is different because the device under test is only the 

gearbox, and the Electric Motor is replaced by another Unit that can provide more than 250% of the 

Nominal Torque. This different configuration is shown in  Figure 86. 

 

Figure 86 - Test bench layout for contact pattern and overload test. 



169 
 

7.2.2 Accelerated Durability Test 

Accelerated Durability Test is designed to validate the lifespan and reliability of EV powertrain 

components, including electric motors, gearboxes, and power electronics, by subjecting them to 

stress conditions exceeding normal operational levels, thereby accelerating wear and failure modes 

in shorter time spans [95] . These tests typically run continuously (24/7) under mechanical loads, 

thermal cycling, vibration, and electrical stress, often with automated fault injection capability, to 

identify weak points and confirm expected durability targets (e.g., hours of operation or cycles). 

Standardization and State-of-the-Art Practices 

There is currently no single ISO standard devoted solely to EV powertrain accelerated durability 

testing. (Some ISO work does address EV drive systems: e.g., 19453-6 specifies environmental stress 

tests to observe battery and drive reliability). Instead, industry practice follows general accelerated 

testing guidelines. Approaches like HALT/HASS (highly accelerated life/stress testing) and 

environmental stress screening are adopted in the EV context. In these methods, test protocols use 

established life-stress models (Arrhenius, Eyring, log-linear, etc.) to relate elevated conditions back 

to normal usage. For example, a mild-hybrid powertrain life test was accelerated by using 

temperature as a stress factor according to the Arrhenius equation [96]. In advanced rigs, multiple 

stressors are combined: accelerated multiple environmental testing (AMET) subjects components to 

simultaneously thermal, electrical, and mechanical loads. Notably, complex mechanical tests 

(vibration and dynamometer brake testing) are the core of automotive ADT equipment. These “vibro-

dyno” setups (often combined with thermal chambers) are designed for full systems and 

components, echoing environmental screening methods used in other industries [97]. 

Typical Test Elements for Electric Powertrain 

• Mechanical load cycling: test push torque and speed beyond normal duty to stress 

bearings, rotors and gear sets. Overload pulses or extended high-RPM runs simulate 

aggressive usage. 

• Thermal cycling: Components undergo repeated hot-cold shifts. EV powertrains are tested 

across a wide temperature range to induce thermal fatigue in windings, magnets, and 

electronics. Such cycling reveals insulation breakdown or material fatigue that might occur 

in harsh environments. 
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• Vibration stress: Multi-axis sine and random vibrations are applied to uncover resonances 

and structural weaknesses. Vibration rigs subject the entire assembly to road-like shake and 

high-G shocks. For example, industry practice treats vibration testing (random/sine) as a key 

part of accelerated durability, often using shock absorbers and electrodynamic shakers to 

reveal fatigue paths. 

• Electrical and fault injection: Tests deliberately introduce electrical anomalies. This can 

include injecting voltage spikes, current surges, or simulated short/open circuits to trigger 

protection circuits and check fault handling. Fault-injection is a standard reliability 

technique: controlled faults are induced to observe the system’s response. For instance, one 

might override sensor signals or momentarily disconnect supply lines to validate that thermal 

monitoring or current-signature detection works as intended. 

In this case, the Accelerated Durability test is made of 459 repetitions of the cycles described in 

Figure 87, each one is 976.8 s in duration, for a total time of about 447374.4 s, or 124.27 h. 

 

 

Figure 87 - Working Point of the Accelerated Durability Test. 
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In Table 7 the main parameters used to perform accelerated durability tests are listed. 

 

Table 7 - Working Point of the Accelerated Durability Test, nominal value. 

7.2.3 End-of-Line Test 

The EOL test is the final, factory-floor verification step for assembled electric powertrain units before 

vehicle integration. It executes a predefined sequence of functional checks under simulated 

operating conditions, electrical load profiles, speed-torque curves, thermal cycles, and NVH 

measurement, while communicating via the vehicle’s CAN bus to validate control-systems integrity 

and sensor functionality. Performance metrics such as torque accuracy, efficiency, vibration, and 

noise are recorded and compared against tolerance bands determined by manufacturing 

specifications. Any unit failing to meet these criteria is flagged for rework or rejection, ensuring only 

fully compliant assemblies proceed down the line [98]. An entire EOL test is reported in Figure 88 for 

unit EDU008. 
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Figure 88 - Working Point & Vibration Velocity RMS for a unit under EOL Test. 

7.2.4 Gearbox Overload Test 

The gearbox Overload Test verifies the mechanical robustness and thermal endurance of the 

transmission under torques exceeding its nominal rating. On the specific test bench 

described before in this section, the gearbox is driven through a sequence of step or ramp 

torque pulses over thousands of cycles while monitoring torque ripple, temperature rise, 

vibration, and lubricant conditions [99]. This accelerated stress exposes weak points in gear 

teeth, bearings, and seals, ensuring that the design meets or exceeds the target durability 

before vehicle integration [100]. In Figure 89, the number of rotational cycles that every unit is 

supposed to undergo is reported. 
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Figure 89 - Sequence of Working Point for the Overload Test for different units. 

7.2.5 Data Characteristics 

For both the Durability test and the End-on-Line test, the sampling rates of all the signals recorded in 

the test bench are the same. Brief summary by physical quantity categories: 

• Pressure, Temperature, and Coolant Flow → Sampling Frequency 10 Hz. 

• Voltage, Current, Speed, Torque, and Vibration → Sampling Frequency 100 Hz. 

During the Speed Sweep stage of the EOL cycle, raw data is recorded at the high sample frequency 

of real-time acquisition. Usually, this high-frequency acquisition is at a 50 kHz sample rate.  

The goal of an NVH bench test for an electric drive unit is to identify and quantify any undesirable 

noise or vibration sources under controlled conditions. By running the powertrain over its speed-

torque envelope on a dyno, it is possible to detect all noise/vibration problems likely to annoy 

customers and verify that assemblies meet NVH targets. In EVs, the focus is on new sources (e.g., 

electromagnetic and gear noises) that were once masked and substituted by the engine, which was 

the only visible and most impactful one. For example, [101] notes that managing EV NVH requires 

understanding noise from the inverter, the electric motor, and the gears. Typical objectives include 

detecting assembly faults (e.g., misaligned gears), measuring tonal noises (whine, rattle, etc.), and 

ensuring repeatable, production-ready behavior. 

A common method is to perform a speed sweep at fixed torque or load: the controller ramps motor 

speed from idle to top speed at a controlled rate, while the inverter supplies the desired torque. 

Sweep rates are typically a few hundred rpm per second, fast enough to cover the range but slow 

enough to capture narrow-band phenomena. Sweeps are often done separately in “drive” and 
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“coast” (regen) modes to reveal how loading direction affects noise. After each sweep, order-tracked 

spectra (torque- and speed-synchronous FFT) are analyzed to pinpoint frequency orders of concern. 

Steady-state runs at specific speeds/loads may follow to isolate problem speeds found during the 

sweep [102]. 

7.3 Specific Methods 

The workflow in Figure 90 summarizes and outlines the Real-time for onboard usage 

strategy at a high level:  

 

Figure 90 - Aim and scope of the onboard data analysis. 

Prior to examining the methods of detecting anomalies in time series, it is imperative to first 

understand the concept of anomalies and their manifestation in data. An anomaly is defined as a 

value or event that deviates significantly from the normal trend of the data. These anomalies can be 

classified into two distinct categories: punctual or collective. Point anomalies are defined as 

isolated values that significantly deviate from other values within the time series. Collective 

anomalies are defined as groups of values that deviate from the remainder of the time series. 

• The trend, i.e. the direction and speed of data change over the long run. For example, an 

increasing trend indicates that the data is increasing over time, while a decreasing trend 

indicates that the data is decreasing over time. 

• seasonality, i.e. the periodic variation of data as a function of time. For example, annual 

seasonality indicates that the data has a cyclical pattern that repeats itself every year, such 

as toy store sales increasing in December and decreasing in January. 

• Noise, i.e. the random variation of data as a function of time. For example, noise can be 

caused by measuring, transmitting, or processing errors. 

Another main component in the analysis of a time series is cyclicality, i.e. the irregular variation of 

data as a function of time. For example, economic cyclicality indicates that data has a fluctuating 

trend that depends on external factors, such as GDP, inflation, unemployment, etc. In Figure 91, the 

detailed description of the anomaly detection workflow for EOL and Durability test is reported. 

Mechanical

Electrical

Thermal

Using these onboarding signals, 

we apply an Anomaly Detection 

strategy for Time Series Analysis.

What are we interested 

in searching for?

A «change» during 

component lifetime in: 

Trend

Seasonality
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Figure 91 - Detailed description of the anomaly detection workflow. 
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7.4 Results  

This section presents the key findings and results from the application of condition monitoring and 

anomaly detection methodologies to the various electric powertrain test campaigns. The primary 

objective is to demonstrate the practical effectiveness of the developed algorithms in identifying 

faults and tracking degradation in a real-world automotive context. 

The results are organized by project, with each of the following subchapters detailing the specific 

analysis and outcomes for a distinct powertrain development program: the C2 Powertrain, the BR1 

Project, and the CEDAR Project. For the CEDAR Project, a more in-depth analysis will be provided, 

focusing on the specific sensitivities of the monitoring system to temperature, a direct comparison 

of acceleration versus velocity-based condition indices, and the identification of abnormal 

vibrational trends that developed during the accelerated durability test. 

7.4.1 C2 Powertrain Development 

This case study focuses on the C2 Durability Test, a project centered on a specific electric 

powertrain, the specifications of which are detailed in Figure 92. 

 

Figure 92 - Specs and Description of the Device Under Test, C2 Project. 
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The objective of this analysis was to apply a data-driven model to describe the health state and 

potentially estimate the Remaining Useful Life (RUL) of the powertrain. The test concluded with a 

registered mechanical fault in the rear gearbox's left side, making it a valuable dataset for 

retrospective analysis. The intended approach was to select and compare data logs from three 

distinct lifecycle stages—"Start Life," "Middle Life," and "End Life"—as defined by a formal durability 

and homologation testing report, a section of which is shown in Figure 93. 

 

Figure 93 - Durability and Homologation testing, from IAV Report. 
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The initial step was to identify and categorize comparable data logs from the available 

dataset that corresponded to these different life stages, as summarized in Figure 94.

 

Figure 94 - Reports and categorization of all the logs found in SharePoint. 

 

However, a preliminary analysis of the available data revealed significant limitations. The cataloged 

logs represented only approximately 2.3% of the total recorded bench testing hours. This raises 

critical concerns regarding the statistical representativeness of this small sample. It is uncertain 

whether the distribution of operating conditions within the available logs accurately reflects the full 

duty cycle of the complete 100,000+ km durability test, a prerequisite for any valid lifecycle analysis. 

Further investigation into the data's consistency revealed a more fundamental problem: a lack of 

controlled boundary conditions. Figure 95 compares the trends of several key temperature signals 

across different logs that were nominally recorded during the same "Nardò Cycle" but at different 

points in the powertrain's life. The thermal profiles are markedly different, indicating that the thermal 

management of the test bench was not consistent across the acquisitions. 
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Figure 95 - Comparison of the logs in different periods of the life, Nardò Cycle. 

This lack of controlled thermal boundary conditions fundamentally compromises the ability to make 

a direct and reliable comparison of other condition monitoring signals, such as vibration, as thermal 

effects can significantly influence their characteristics. 

In conclusion, the C2 Durability Test dataset was deemed unsuitable for the intended CM-PdM 

analysis due to a confluence of critical data quality issues. These included: 

• Unrepresentative Data Sampling: The available logs constituted a very small and 

potentially biased fraction of the complete durability test. 

• Inconsistent Boundary Conditions: The lack of controlled thermal conditions, as 

demonstrated, prevents a valid comparison of data across different life stages. 

• Data Integrity Problems: Further practical issues were discovered, such as missing data 

channels in some logs and the need for complex, undocumented decoding procedures in 

others. 
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These limitations highlight a crucial principle: the data was not originally acquired with the specific, 

stringent requirements of a data-driven CM-PdM analysis in mind. Consequently, this case study 

serves as a valuable lesson, underscoring the necessity of a structured, "data-first" approach to test 

design when predictive modeling is a primary objective. 

7.4.2 BR1 Project 

This case study focuses on an Overload Test conducted on the BR1 powertrain. The 

configuration of the Device Under Test (DUT) and the corresponding sensor locations are 

shown in Figure 96.  

 

Figure 96 - Sensor Location for the BR1 Project, Overload Test. 

The test concluded with a catastrophic mechanical failure on the left side of the unit's gearbox. The 

moment of failure is clearly captured in the speed sensor data, as presented in Figure 97. The plot 

shows the input speed of the left-side motor rapidly increasing, while the corresponding output 

speed abruptly drops to zero, indicating a complete loss of power transmission. 
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Figure 97 - Input and Output Speed for both sizes of unit 5. 

The primary analytical goal was to retrospectively analyze the high-frequency data to determine if 

this failure could have been anticipated. However, an initial examination of the available signals 

revealed a fundamental limitation imposed by the data acquisition parameters. An attempt to 

perform a time-frequency analysis, such as generating a spectrogram, was compromised by 

significant aliasing. As shown in Figure 98, which presents the frequency analysis of the input speed 

signal, as the rotational speed increases, the dominant frequency order exceeds the Nyquist 

frequency limit (𝑓𝑠𝑎𝑚𝑝𝑙𝑒/ 2). This folding of frequencies makes it impossible to accurately interpret 

the spectral content of the signal. The same limitation was found to be present in the torque and 

electrical measurements (Id, Iq, Vd, Vq), precluding their use for high-frequency diagnostic 

techniques. 
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Figure 98 - Frequency Analysis of Speed Input. 

This aliasing issue also prevents the application of more advanced techniques, such as inter-order 

phase analysis, which could otherwise be used to estimate mechanical slack or backlash by 

comparing the phase shift between identical orders on the motor and the dyno. 

Given these data limitations, a different analytical strategy is recommended for this type of test. 

Since the overload test operates far beyond rated conditions (with torques up to 250% of nominal) 

and the failure mode is likely driven by mechanical overload, the problem is more appropriately 

framed as one of oligocyclic fatigue. The goal should be to estimate Remaining Useful Life (RUL) 

based on the accumulated stress cycles rather than detecting a gradually developing fault signature. 

Using only the available onboard sensors, it is not possible to retrospectively determine if the failure 

of unit "U5" could have been anticipated within the few rotation cycles preceding the event by 

examining short-term trends. A potential alternative approach, constrained by the low sampling rate, 

would be to inspect the harmonic content of the instantaneous velocity signals and compare the 

input and output velocities to reveal torsional irregularities. However, it must be emphasized that any 

frequency-domain analysis on this dataset is severely limited by the aliasing problem. The 

usefulness of spectral methods for this application is contingent upon a significant improvement in 

the data acquisition sampling rate. 
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7.4.3 CEDAR Project 

This case study investigates an Accelerated Durability Test performed on a "CEDAR" project 

powertrain unit. The physical configuration of the Device Under Test (DUT) and the placement of key 

sensors are illustrated in Figure 99.  

 

Figure 99 - CEDAR Project, Rear PWT sensor location. 
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The first unit subjected to this durability test, designated Unit 034, experienced a premature failure 

after approximately 37 hours of operation. Subsequent teardown and inspection identified the root 

cause as a catastrophic bearing failure, the details of which are shown in Figure 100. 

 

 

Figure 100 - Element (bearing) and type of fault, CEDAR Project. 

Initial analysis focused on the vibration data from the test. Figure 101, shows the Vibration Velocity 

RMS trends for three different conditioning cycles. For this type of short, variable cycle, the relative 

change in the vibration signature is more diagnostically significant than its absolute value. The fault 

signature was found to be most clearly visible in the Z-direction of the accelerometer. 
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Figure 101 - Vibration behavior for the conditioning cycles. 

For the longer, 15-minute working cycles, the analysis was narrowed to a specific 20-second window 

(from 430 to 450 seconds into the cycle) where the fault signature was most prominent, as shown 

in Figure 102. The feature used for this analysis was the RMS of the vibration velocity, derived from 

the raw acceleration signal. The condition monitoring strategy implemented on the test bench 

utilized fixed thresholds for this feature: a 'Warning' limit at 40 mm/s (rms) and a 'Stop' limit at 60 

mm/s (rms), with a 1-second debounce time. While several spikes were observed in the final cycles, 

only the very last cycle exceeded the stop threshold, which terminated the test. 
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Figure 102 - Vibration behavior for Working Cycles. 

In addition to the vibrational anomalies, a significant and progressive increase was observed in the 

oil pressure trend throughout the test. This prompted a detailed investigation of the lubrication and 

cooling circuit, a CAD view of which is shown in Figure 103. 
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Figure 103 - Oil Circuit view (Forced Lubrication System). 

Given that the pressure sensor is located between the pump discharge and the filter inlet, the 

consistently rising pressure trend strongly suggests a progressive clogging of the oil filter. This 

phenomenon is clearly visualized in Figure 104, which overlays the oil pressure trends from all 106 

working cycles of the durability test. A clear progression is visible, from a mean pressure of 

approximately 1.8 bar in the initial (blue) cycles to over 3 bar in the final (red) cycle. A similar, though 

more variable, upward trend is also visible in the conditioning cycles, as shown in Figure 105, where 

the pressure increase is also influenced by temperature-driven changes in oil viscosity. 
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Figure 104 - Oil pressure trends for all the Working Cycles, Unit 34. 

 

Figure 105 - Oil pressure trends for all the conditioning cycles. 

This clear degradation signature in the lubrication system provided an opportunity to develop and 

validate a multivariate, model-based anomaly detection strategy. The workflow for this onboard 

strategy, outlined in Figure 106, aims to produce a Warning Index or RUL estimation based on the 

signals from the main oil pump. 
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Figure 106 - Warning Index/RUL Estimation model based on the Main Oil Pump signals 

Using this workflow and applying it to the dataset of the durability done on unit 34, it is possible to 

obtain the results reported in Figure 109.  An SVM Model is applied for classification, trained with one 

class that represents the healthy conditions of the system behavior. The healthy conditions are 

defined simultaneously by the values of the Main Pump Speed, Oil Temperature, and Oil Pressure. By 

setting up the hyperparameters of the models, it is possible to define the boundary of the healthy 

area (the grey surface), and with the normalized anomaly scores, it is possible to define how much a 

point is in a good or bad condition state. An anomaly score of 0 corresponds to a normal point in the 

distribution of the training and so corresponds to a very healthy state (the blue ones), an anomaly 

scores higher than 0.5 exceeds the threshold defined by the boundary (the yellow ones). Finally, if we 

move towards an anomaly score close to 1(the red ones), the condition maximally deviates from 

nominal behavior, which is seen as the most severe scenario. 

The training dataset only grounds on the first cycles of the test since they are the ones that most 

closely reflect both the design specification of the oil circuit and the deterioration signature 

analyzed using the accelerometer signal. 

The training dataset remains within the confidence boundary. 
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Figure 107 - Results of the Anomaly Detection Model, data from Unit 34. 

Figure 108 reports different views of the oil circuit Working Points throughout the test for the 

conditioning cycles and the corresponding raw anomaly score values calculated by the developed 

Machine Learning model. 

 

Figure 108 - Section view of the results of the Anomaly Detection Model, data from Unit 34. 

The correlation between the health of the lubrication circuit and the mechanical health of the 

powertrain is demonstrated in Figure 109. This plot shows the trend of the mean and median anomaly 

scores for each cycle alongside the vibration level. A clear, strong correlation is visible, indicating that 
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the degradation of the lubrication system (i.e., filter clogging) is directly linked to the increase in 

mechanical stress and vibration that ultimately led to the bearing failure. 

 

Figure 109 - Trend of the Anomaly Scores for all the cycles of the Accelerated Durability test Unit 034. 

The final phase of this work focused on validating a real-time implementation of this monitoring 

strategy using an ARISBE, an embedded condition monitoring system by Alma Automotive. The 

hardware architecture for this real-time application is shown in Figure 110. 

With the last test in System Test Bench (STB1) during the internship period, the compatibility 

of this device with a test bench working scenario was tested: I/O communication with the 

bench and signal processing capability were verified. During this application of the DEMO 

version Anomaly Score was estimated only for the left accelerometer Z direction and the 

right accelerometer Y direction. 
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Figure 110 - Hardware Architecture of the real-time Condition Monitoring strategy 

For this demonstration, a model was trained on a dataset from an EOL test and then applied in real-

time to a durability test. The output of the anomaly score for every cycle of the durability test for the 

left-side Z-direction accelerometer is shown in Figure 111.  

 

Figure 111 - Mean value for a specific window of interest for the warning index, Left Z. 

Figure 112 presents a similar analysis for the right-side Y-direction accelerometer. In this figure, a 

second subplot is included to provide a quantitative measure of the degradation trend over time. This 

bar plot illustrates, for each cycle, the cumulative percentage of the total number of cycles to that 

point that has exceeded a sample warning index threshold of 0.8. This metric serves as a clear 
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indicator of the increasing frequency of high-anomaly events as the durability test progresses, 

providing a simple yet effective way to track the accumulation of damage or wear over time. 

 

Figure 112 - Mean value for a specific window of interest for the warning index, Right Y. 
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7.4.3.1 Consideration about Temperature Sensitivity and Fault Progression 

The durability test of the powertrain unit designated DVP_SC13T is of particular diagnostic interest 

as it experienced a sequence of three distinct and significant failure modes over its operational life. 

The chronological progression of this test, which was conducted across two different test bench 

facilities (ASAP and STB1), is summarized in Figure 113. This timeline provides a high-level overview 

of the test phases, their durations, and the specific faults that were identified at the conclusion of 

each phase. 

 

Figure 113 - Chronological progression of the accelerated durability test, DVP_SC13. 

As the timeline illustrates, the test was segmented as follows: 

1. Phase 1 (ASAP facility): The initial part of the test was conducted on the ASAP test bench, 

where the unit ultimately developed a bearing fluting fault. 

2. Phase 2 (STB1 facility - Part 1): The unit was subsequently moved to the STB1 test bench for 

continued testing, which concluded with the fracture of the right-side intermediate shaft. 

3. Phase 3 (STB1 facility - Part 2): After repairs, the final phase of testing was also conducted 

on STB1, ending with the fracture of the left-side intermediate shaft. 

The following analysis will examine the data from these distinct phases to highlight the different fault 

signatures and the sensitivity of various sensor modalities to each failure mode. 

The first fault, bearing fluting on the non-drive end (NDE) of the motor shaft, developed during the 

test phase at the ASAP facility. It is critical to note that the specific features and data streams 
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calculated and recorded on this bench are not directly comparable to those from the STB1 

environment due to differences in instrumentation, software, and potential environmental factors. 

 

Figure 114 - Temperature in the bearing on the motor shaft NDE. 

The primary indicator for this fluting fault was a clear and progressive increase in the bearing's 

operating temperature, as shown in Figure 114. The figure overlays the temperature profiles from the 

initial (blue), intermediate (gray), and final (red) logs of this test phase. While the absolute 

temperature increases between the first and last log is modest (approximately 7°C at its peak), the 

diagnostic power of this trend lies in the high reproducibility of the test cycle. The fact that the initial 

and final conditions of each cycle are identical allows for the confident conclusion that the 

consistent upward drift in temperature is a direct signature of the developing fault, rather than an 

artifact of operational or environmental variability. Following this diagnosis, the faulty bearing was 

replaced with a ceramic one to mitigate future electrical-induced wear. 

Subsequent to this repair, the unit was moved back to the STB1 test bench for continued durability 

testing (Phase 2), during which a second, distinct fault began to develop. This new degradation mode 

was clearly captured by the Vibration Velocity RMS feature. Figure 115 focuses on a specific portion 

of the work cycle across all logs from this later test phase. The figure demonstrates that the final log 

exhibits a fundamentally different vibrational signature compared to the stable preceding logs. The 

amplitude of this vibration index shows a dramatic increase, approximately doubling in magnitude. 
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This significant step-change indicates that the second failure mode was mechanically more severe 

and more readily detectable through vibration analysis than the initial fluting fault. 

 

Figure 115 – Vibration Velocity RMS  Z for all logs. 

In Figure 116, on the other hand, it is possible to perform a thermal analysis of the fault and its 

thermal release during the last cycle before complete failure and termination of the test. 

This dramatic increase in vibrational energy is corroborated by a corresponding thermal analysis of 

the system in the final cycle before test termination. Figure 116 overlays the gearbox oil temperature 

for all logs. In the central part of the cycle, highlighted between the two dotted lines, the temperature 

profile of the final log clearly detaches and rises above the stable thermal band established by all 

preceding logs. 
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Figure 116 - Gearbox Oil Temperature for all the logs. 

This temperature deviation allows for a first-principles estimation of the additional thermal power 

(∆𝑄) generated by the fault. The following calculation is used to estimate the additional heat 

generated during breakage: 

• density of the oil: 𝜌 ~ 870 𝑘𝑔/𝑚3 

• specific heat of oil: 𝑐𝑂𝑖𝑙 = 1900 𝐽 𝑘𝑔 ∗ 𝐾⁄  

• mass flow rate of oil: 𝑚̇ =  
𝐹𝑙𝑜𝑤[𝐿 𝑚𝑖𝑛⁄ ]∗𝜌

60
=  

22∗0.870

60
= 0.319 𝑘𝑔/𝑠 

Using the parameters described above, it is possible to estimate the thermal effect of the 

fault using the following equation: 

 ∆𝑄𝑒𝑠𝑡 =  𝑚̇ ∗  ∆𝑇 ∗ 𝑐 = 0.319 ∗ 7 ∗ 1900 = 4.243 𝑘𝑊 7.1 
 

A similar analysis can be performed on the water-glycol coolant circuit for the single conditioning 

unit. In that case, the parameters used for the estimation are these:  

• density of Coolant: 𝜌 ~ 1065 𝑘𝑔/𝑚3 

• specific heat of the coolant: 𝑐50% 𝑤𝑎𝑡𝑒𝑟−𝑔𝑙𝑖𝑐𝑜𝑙𝑒 = 3300 𝐽 𝑘𝑔 ∗ 𝐾⁄  

• mass flow rate of the Coolant: 𝑚̇ =  
𝐹𝑙𝑜𝑤[𝐿 𝑚𝑖𝑛⁄ ]∗𝜌

60
=  

27.23∗1.065

60
= 0.4824

𝑘𝑔

𝑠
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 As shown in Figure 117, a temperature increase (𝛥𝑇) of approximately 1.5°C is observed. 

 

 

Figure 117 - Temperature Cooling Output. 

Applying the same formula again, we obtain the additional heat exchanged through the cooling 

circuit: 

 ∆𝑄𝑒𝑠𝑡 =  𝑚̇ ∗  ∆𝑇 ∗ 𝑐 = 0.4824 ∗ 1.5 ∗ 3300 = 2.388 𝑘𝑊 7.2 
 

The subsequent teardown of the unit confirmed the severity of this second fault. As shown in Figure 

118, the root cause was a complete fracture of the right-side intermediate shaft at its connection 

with the crown gear. The catastrophic nature of this failure is evident from the extensive collateral 

damage, including completely worn gear teeth on both the crown and pinion, and fractured and 

broken bearing covers. This physical evidence is consistent with the significant release of vibrational 

and thermal energy detected in the final cycles of the test. 
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Figure 118 - Second type of fault, right intermediate shaft fractured, DVP_SC13T. 

7.4.3.2 Degradation trends: comparison between vibration acceleration and 

velocity indices 

This section presents a detailed analysis of the degradation trends observed during the final phase 

(Phase 3) of the durability test for unit DVP_SC13T, which culminated in the fracture of the left 

intermediate shaft. 

The primary condition indicator used for this analysis is the Vibration Velocity RMS, extracted from 

the six accelerometer channels (X, Y, and Z axes for both the left and right sides of the powertrain). 

Figure 119 presents the time-series evolution of this index for all six channels across the full duration 

of the 64 cycles in this test phase. While all axes on the left side exceed the warning threshold in the 

final cycle, confirming the location of the failure, the left Z-axis channel is particularly informative. It 

exhibits a clear and progressive upward trend over the final 20 to 25 cycles, providing a distinct 

signature of the developing degradation. 
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Figure 119 - Trend of all Vibration signal for all the logs of (Phase 3) of Accelerated durability test of DVP_SC13. 

To more closely inspect the index's behavior during the most critical portion of the operational 

cycle, Figure 120 presents the same data but focuses the visualization on a narrow 20-second 

window (from 800 to 820 seconds) for each of the 64 cycles. This focused view provides a clearer 

representation of the index's magnitude and stability within this specific high-load segment, making 

the cycle-to-cycle changes more apparent. 
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Figure 120 - Trend of all Vibration signal for all the logs of (Phase 3) of Accelerated durability test of DVP_SC13. Range of 
visualization per every cycles of [800 – 820] sec, for a better focus on the fault. 

While the Vibration Velocity RMS is the standard index for the current condition monitoring strategy, 

this analysis also sought to evaluate an alternative feature based on acceleration. Figure 

121 provides the basis for this comparison. The main plot shows the Vibration Velocity RMS trend, 

which is the primary synthetic index derived from the accelerometer signal. The inset box at the top 

right displays the trend of a newly computed Vibration Acceleration Index, which was calculated 

using a 0.6-second window. The subsequent analysis will compare the sensitivity and effectiveness 

of these two different indices for tracking the observed fault. 
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Figure 121 - ACC DynoL Z, comparison vrms. arms 06s. 

Given that this phase of the durability test culminates in the catastrophic fracture of the left 

intermediate shaft, a direct comparison can be made between the diagnostic effectiveness of the 

two synthetic indices shown in Figure 121. 

The trend for the Vibration Velocity RMS index is unambiguous. As the test approaches its final cycle, 

where the failure occurs, the index exhibits a clear and dramatic increase in magnitude, providing a 

definitive signature of the severe mechanical fault. 

In contrast, the Vibration Acceleration Index does not show a similar correlation with the developing 

fault. Its trend remains relatively flat and does not provide a clear indication of the impending failure. 

The conclusion from this direct comparison is that for this specific application and failure mode, the 

Vibration Velocity RMS is a significantly more sensitive and reliable condition indicator than the 

Vibration Acceleration Index. This finding underscores the importance of selecting the appropriate 

physical parameter (velocity vs. acceleration) and feature engineering strategy for a given diagnostic 

target. This is because, as mentioned in the introduction, the phenomenon is best observed at 

intermediate frequencies (see Chapter 4.1).  
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7.4.3.3 Misalignment Detection in Back-to-Back test Configuration 

In addition to the durability tests conducted on the STB1 bench, a separate accelerated durability 

test on a CEDAR unit was performed at the ASAP facility using a back-to-back (B2B) test 

configuration. In this setup, two powertrain units are mechanically coupled together, with one acting 

as the motor and the other as the generator (load), thus eliminating the need for an external 

dynamometer. 

Analysis of the raw vibration data from this B2B test, acquired at a sampling frequency of 20 kHz, 

revealed a clear and significant setup-related issue. Figure 122 presents the order spectrum from 

this test. 

 

Figure 122 - Vibration Velocity Order Analysis for the Back-to-back test configuration done in ASAP. 

The spectrum is dominated by a very high amplitude peak at the 2x order (twice the fundamental 

rotational frequency). This is accompanied by significant, though smaller, peaks at the 1x and 3x 

orders. This specific spectral signature—a dominant 2x order with supporting 1x and 3x orders—is a 

classic and well-documented indicator of parallel misalignment in rotating machinery [55]. 

Misalignment occurs when the centerlines of two coupled shafts are not collinear. It is typically 

categorized into two types, each with a distinct vibrational signature: 
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• Parallel Misalignment: The shaft centerlines are parallel but offset. This condition generates 

strong radial vibrations, and its characteristic frequency signature is a dominant peak at the 

2x order. 

• Angular Misalignment: The shaft centerlines meet at an angle. This condition typically 

excites a strong axial vibration at the 1x order, though 2x and other harmonics can also be 

present. 

The clear dominance of the 2x order in the observed spectrum strongly indicates that the B2B test 

configuration suffered from significant parallel misalignment between the two coupled units. This 

finding is critical, as such a condition introduces severe, unintended radial loads on the bearings and 

shafts, which can invalidate the results of a durability test by causing premature failures that are not 

representative of the component's true lifespan under normal operating conditions. 

7.4.3.4 Abnormal Vibrational Trend During Durability Test 

During the analysis of the accelerated durability test for the unit designated STNDRD-02, a highly 

unusual and distinct vibrational pattern was observed.  Figure 123 - Trends for all the 

Vibration velocity index of unit STNDRD-02 during the durability test. presents the trends of the 

Vibration Velocity RMS indices for all six accelerometer channels. The visualization is specifically 

focused on a 16-second window (from 729 to 745 seconds) within each of the approximately 15-

minute work cycles performed throughout the durability test. 
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 Figure 123 - Trends for all the Vibration velocity index of unit STNDRD-02 during the durability test.  

The most striking feature of this data is the prominent cyclical pattern visible in the Y-axis channels. 

This cyclical variation in the vibration level has a long-term period of approximately 45 work cycles. 

When analyzing only the trend of a synthetic index like RMS, such a slow, highly regular oscillation 

could initially suggest a potential issue with the data acquisition chain or a sensor artifact, rather 

than a true physical phenomenon. 

However, despite this unusual oscillation, a clear and consistent long-term upward trend in the 

overall vibration level is still evident, particularly on the Y-axis. This underlying monotonic increase 

suggests a genuine, progressive degradation occurring within the system, even as it is modulated by 

the unexplained cyclical pattern. This case highlights a complex diagnostic scenario where multiple 

temporal patterns—a slow oscillation and a long-term degradation trend—are superimposed, 

requiring careful analysis to deconvolve. 

7.5 Conclusion 

The work presented in this chapter demonstrates the successful development and validation of a 

modular Condition Monitoring (CM) framework applied across three distinct electric powertrain test 

campaigns: Accelerated Durability, End-of-Line, and Gearbox Overload. A key outcome of this 

research was the successful integration of the framework onto a real-time test bench for the 

durability and EOL tests, while the overload test was analyzed in post-processing. The developed 
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system successfully streams vibration data, computes health indicators, and is capable of raising 

alarms within the required latency, thereby demonstrating the end-to-end viability of the proposed 

CM strategy. 

However, it is important to note that the current implementation is primarily limited to vibration-

based diagnostics. While this approach has proven effective for detecting mechanical degradation, 

it does not capture faults that manifest predominantly in the torsional dynamics of the powertrain or 

as electrical anomalies. 

Therefore, future work should focus on expanding the framework's sensing modalities to create a 

more holistic diagnostic system. Key areas for extension include: 

1. Torsional Vibration Analysis: Deriving synchronous orders from speed or torque ripple 

measurements to detect gear mesh irregularities and shaft torsion fatigue. 

2. Electrical Signature Analysis (ESA): Integrating current and voltage signature analysis to 

identify faults such as rotor eccentricity, inverter switching anomalies, and winding insulation 

degradation. 

The integration of these extensions, contingent upon the availability of high-fidelity torque and 

electrical measurements, would significantly enrich the CM suite and enable a more comprehensive 

Prognostic and Health Management (PHM) strategy for electric powertrains. 
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8 Conclusions 

This thesis has presented the development and validation of a systematic framework for Early Fault 

Diagnosis through the application of Artificial Intelligence techniques to Condition Monitoring data. 

The primary objective was to define a hybrid methodology, integrating the physical analysis of 

signals with unsupervised machine learning models, to create a diagnostic system that is robust, 

adaptable, and applicable to diverse industrial contexts. 

Summary of Main Contributions 

The original contributions of this research can be summarized in the following points: 

1 Development of a Hybrid Framework: A multi-stage methodology was defined and validated, 

assigning strategic roles to different sensing modalities. Specifically, a novel approach was 

introduced that uses online oil debris analysis to "supervise" the definition of a healthy 

operational baseline, significantly increasing the robustness of subsequent unsupervised 

anomaly detection models. 

2 Creation of Multi-level Health Indices: The framework is not limited to a binary classification 

but generates continuous health indices: a General Health Index (GHI) based on vibrational 

data for an overall assessment, and component-level Specific Health Indices (SHIs) based on 

high-frequency ultrasonic data for targeted diagnostics. 

3 Experimental Validation on Diverse Industrial Systems: The framework's effectiveness has 

been demonstrated on two complex industrial case studies: a run-to-failure durability test on a 

heavy-duty mechanical gearbox, and a series of test campaigns on electric powertrains for 

automotive applications. 

Comparative Discussion and Unitary Vision 

The application of the framework to such different contexts (a slow mechanical gearbox and fast 

electric powertrains) has highlighted its flexibility but also underscored its challenges. 

• In the gearbox case study (Chapter 6), where a complete lifecycle until failure was available, 

the framework demonstrated impressive predictive capability, providing a lead time of over 

750 hours. The analysis of ultrasonic data proved to be significantly superior to traditional 

vibration analysis for the early diagnosis of the specific bearing fault. 
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• In the electric powertrain case studies (Chapter 7), characterized by accelerated tests and 

heterogeneous data, the framework was adapted to operate in a context of real-time 

diagnostics and End-of-Line validation. These applications highlighted the crucial 

importance of data quality and test design ("data-first approach"), demonstrating how a 

lack of controlled boundary conditions or adequate sampling frequencies can preclude 

analysis. 

This dual validation shows that, while the methodology is robust, its practical effectiveness is 

intrinsically linked to the quality and purpose for which the data is acquired. 

Limitations and Future Work 

Despite the positive results, this work presents certain limitations. The gearbox validation focused 

on a single failure mode (bearing failure) in a controlled laboratory environment. Similarly, the 

analyses on the powertrains were limited by the available data. 

The future developments of this research will focus on three main directions: 

1 Extension to other failure modes: Validating the framework on a broader spectrum of 

mechanical (e.g., gear pitting, misalignment) and electrical faults. 

2 In-field Validation: Implementing and testing the system on machinery operating in real 

industrial conditions to assess its robustness to operational noise and the variability of working 

conditions. 

3 Exploration of Advanced Models: Investigating the potential of deep learning models, such as 

autoencoders, within this same multi-index framework to further improve the feature 

abstraction capability and diagnostic sensitivity. 

In conclusion, this thesis has contributed to a practical, validated framework for predictive 

maintenance, demonstrating an effective path for translating theoretical AI models into concrete 

solutions for the reliability of mechanical systems. 
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