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Abstract

Aviation gas turbines are critical components in the aerospace industry, where reliability directly
influences maintenance costs, operational efficiency, and safety. The Cox proportional hazards
model (Cox model) is crucial in reliability analysis, traditionally employed to evaluate the impact
of multiple covariates on the likelihood of failure. However, its application in aviation gas turbines
has revealed limitations, particularly when working conditions and gas path parameters are used
as direct covariates. These factors, while relevant, often fail to fully capture the degradation

process due to their sensitivity to varying working conditions.

In recent years, the integration of machine learning techniques with the Cox model has gained
traction, offering a potential pathway to enhance the accuracy of reliability predictions. Despite
this progress, existing approaches still predominantly rely on direct covariates that may not
accurately reflect the underlying degradation of gas turbines. This thesis proposes a novel method
that leverages machine learning to generate new, more robust covariates for the Cox model. By
first modeling a healthy gas turbine, the method produces covariates that are less influenced by the
variability in working conditions, leading to a more precise representation of turbine degradation

over time.

The thesis explores the theoretical foundations of this approach, detailing how machine learning
algorithms can be employed to model a healthy gas turbine and subsequently generate new
covariates that better align with the actual degradation process. This method addresses the inherent
limitations of conventional covariates, providing a more comprehensive method for reliability

analysis under varying operational scenarios.



The effectiveness of the proposed method is validated through extensive experiments using the
NASA C-MAPSS dataset, which includes data from turbofan engines operating under diverse
conditions. Comparative analysis demonstrates that the improved Cox model, enhanced with
machine learning-derived covariates, offers better accuracy in predicting gas turbine reliability
compared to the traditional model. The results demonstrate the potential of this approach to
significantly improve reliability assessments in the aerospace industry, ultimately contributing to

safer and more efficient operations.

This research not only advances the application of the Cox model in the context of aviation gas
turbines but also opens new avenues for integrating machine learning to generate new covariates
with traditional reliability analysis techniques. The findings have broader implications for the
aerospace industry and could inform future developments in turbine maintenance strategies and

operational practices.
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1 Introduction

1.1 Overview of Gas Turbines and the Importance of Reliability

Gas turbines are complex machines engineered to convert heat energy into mechanical work. The
operation involves compressing air, mixing it with fuel, and igniting the mixture to produce high-
pressure, high-temperature gases that drive a turbine. This sequence makes gas turbines efficient
and versatile. Gas turbines are employed in different applications, ranging from power generation

in the power plant to propulsion systems in the aerospace industry, as shown in Figure 1.

M

Figure 1. Applications of Gas Turbine for Power Generation and Aerospace [1], [2]
The gas turbine system is made up of several key components. Figure 2 illustrates the configuration
of a typical bypass aviation gas turbine system. The gas turbine begins with the fan inlet, where
air is drawn into the system. A significant portion of this air flows through the bypass duct,

generating most of the thrust in high-bypass designs. The remaining air enters the core, passing



through the low-pressure compressor (LPC) and high-pressure compressor (HPC), where it is
incrementally compressed to high pressures to enhance combustion efficiency. The compressed air
then enters the combustor, where it is mixed with fuel and ignited, producing high-temperature,
high-pressure gases. These gases first drive the high-pressure turbine (HPT), which powers the
HPC, and then the low-pressure turbine (LPT), which drives the LPC and fan. Some compressed
air is diverted as bleed air for auxiliary functions, such as cooling and pressurization. Finally, the

gases exit through the exhaust, providing additional thrust.

Combustor

Exhaust

Figure 2. The Configuration of a Bypass Aviation Gas Turbine [3].
The reliability of gas turbines is critical due to their complex mechanical design and the
challenging environments in which they operate. Gas turbines often function under high pressures
and temperatures, requiring robust systems to maintain performance over extended periods.
Ensuring reliability not only enhances operational efficiency but also minimizes the risk of

unexpected failures and prolongs the lifespan of these systems. Moreover, reliability directly



impacts safety, cost-effectiveness, and overall system performance, making it a fundamental

consideration in the design and operation of gas turbines.

One of the most significant benefits of reliability is its role in optimizing turbine performance.
Reliable systems enable stable and consistent operations, which are essential for applications in
different industrial sectors. Identifying and mitigating potential defects through comprehensive
reliability design and analysis ensures that these machines perform efficiently and cost-effectively
in real-world conditions. Such measures improve operational efficiency and reduce the likelihood

of performance degradation over time [8], [9].

Reliability also plays a vital role in reducing failure risks. Reliability analysis techniques, such as
the Weibull distribution[6], are commonly used to predict failure rates and help refine maintenance
strategies. Operators can proactively address potential issues by employing these reliability
analysis methods, minimizing downtime and maintenance-related costs. These preventive
measures enhance system dependability and ensure that critical operations remain uninterrupted,

even in demanding environments [10], [11].

From an economic perspective, the reliability of gas turbines directly influences financial
outcomes. High reliability translates to reduced maintenance costs, fewer unexpected failures, and
minimized downtime, all of which are essential for maintaining profitability in competitive
industries. Even minor operational interruptions can lead to substantial losses, showing the
economic importance of investing in reliable turbine systems. By reducing inefficiencies and
ensuring consistent performance, organizations can maintain their market competitiveness and

achieve long-term success [10], [13].



Furthermore, the reliability of gas turbines is crucial for ensuring safety and operational
continuity[10]. Failures in high-risk environments can have severe consequences, such as fires,
damage to other equipment, or significant disruptions to operations, as illustrated in Figure 3.
Implementing preventive measures like the advanced reliability analysis method can mitigate these
risks, ensuring the safety of personnel and the continuity of operations. This is particularly

important in industries where safety and stability are crucial.

Figure 3. An example of Aviation Gas Turbine Failure

As gas turbines become more sophisticated in design and are subjected to diverse environmental
and operational conditions, reliability analysis methods must adapt to meet these challenges.
Reliability analysis techniques such as the Cox model and machine learning are increasingly
employed and refined to better predict and understand the gas turbine’s reliability, ensuring these

complexities do not compromise the reliability assessment of the gas turbine.

In aviation, gas turbines operate under conditions that vary significantly due to environmental

factors and operational settings. However, current reliability analysis methods often fail to



adequately address the effects of these fluctuating conditions. This oversight limits the accuracy
of reliability assessments, highlighting the need for improved models that effectively consider

operational variability to enhance the reliability analysis accuracy of gas turbines.

1.2 Motivation

Accurate reliability analysis of gas turbines is crucial for ensuring safety, improving operational
efficiency and reducing life-cycle costs. The Cox model, a widely utilized statistical-based method
in reliability engineering, is highly effective in analyzing failure data and predicting the time until
specific events occur, such as malfunctions. Its strength lies in its ability to consider multiple
covariates, making it a powerful tool for understanding different factors that influence reliability.
Traditionally, this model has been instrumental in industries where predicting component lifespan
and failure rates is essential. In recent years, there has been a growing interest in enhancing the
Cox model by integrating it with machine learning techniques to improve the robustness and
accuracy of reliability analysis [11], [12]. These developments include incorporating working
conditions, operational settings, and gas path parameters directly as covariates in the traditional
Cox model [13], [14]. However, using gas path parameters or working conditions as covariates
directly presents challenges. For aviation gas turbines, these covariates are influenced not only by
the inherent degradation processes of the gas turbine but also by external environmental conditions
and varying operational settings. This dual influence can lead to inaccuracies in capturing the true
degradation of gas turbines, thereby limiting the effectiveness and accuracy of gas turbines’

reliability analysis.

To address this limitation, this research proposes a novel method for developing new covariates

that more accurately reflect the degradation process while being less susceptible to variability



introduced by environmental and operational factors. By modelling a healthy gas turbine using
machine learning techniques, we can generate new covariates that better represent the actual
degradation occurring over time, less affected by fluctuating environmental conditions and
operational settings. Integrating these new covariates into an improved Cox model enhances

predictive accuracy compared to the traditional Cox model.

The goal of this research is to improve gas turbine reliability analysis by providing more accurate
predictions utilizing machine learning and an improved Cox model. By developing and integrating
new covariates into the improved Cox model through an advanced machine learning technique,
we aim to contribute to the field of reliability engineering, particularly for gas turbine systems
operating under varying working conditions and operational settings. This approach addresses the
limitations of current reliability analysis methods and offers a better understanding of gas turbine

reliability, yielding benefits for safety, economic performance, and technological advancement.
1.3 Objectives

The primary objective of this research is to enhance the accuracy of reliability analysis for aviation
gas turbines by developing covariates for an improved Cox model that precisely reflects turbine
degradation while minimizing the influence of operational settings and environmental conditions.
Achieving this objective is essential for improving the predictive power of reliability assessments,
thereby enabling more effective maintenance strategies and extending the operational life of gas

turbines.

To accomplish this goal, it is crucial to develop a systematic method that includes well-defined

steps. The specific aims of this study are as follows:



Develop a Machine Learning Model to Represent a Healthy Gas Turbine: This first
objective is to create a robust machine learning model that accurately represents the
baseline health of a gas turbine. This model will serve as a benchmark for identifying the
healthy conditions of gas turbines corresponding to different operational settings and
environmental conditions. By inputting various operational settings and environmental
conditions, the model will generate covariates that are less influenced by external factors
and more reflective of the turbine's true degradation condition. These covariates will be
crucial for improving the accuracy of the Cox model.

Propose an Improved Cox Proportional Hazards Model: Building on the machine learning-
generated covariates, the next step is to propose an enhanced Cox model. This model will
incorporate a selected baseline hazard function and selected covariates that more accurately
represent the underlying degradation processes. The goal is to produce a reliability analysis
curve that offers a more precise prediction of failure times, taking into account the complex
interplay between operational settings, environmental conditions, and turbine degradation.
Validate the Proposed Method Through Comparative Analysis: The final objective is to
validate the effectiveness of the proposed method by conducting a comprehensive case
study. This case study will compare the reliability analysis results of the improved Cox
model with those obtained from the traditional model. Through this comparative analysis,
the study aims to demonstrate the superiority of the proposed method in accurately
predicting gas turbine reliability under varying operational settings and environmental

conditions.



By systematically addressing these objectives, this research seeks to make a significant
contribution to the field of reliability engineering, particularly in the context of aviation gas
turbines. The outcomes of this study are expected to provide valuable insights that can inform

future developments in turbine maintenance practices and reliability assessment methodologies.

1.4 Thesis Structure

This thesis is structured into six chapters as follows:

Chapter 1 introduces the background of gas turbines, emphasizing their wide applications in
different industries, the importance of maintaining their reliability and the potential benefits of
enhancing the reliability analysis method. The chapter briefly illustrates the rationale behind
selecting the Cox model for this study. It also outlines the motivations for proposing a new
approach to analyze gas turbine reliability. The chapter concludes with a statement of overview of

the thesis structure.

Chapter 2 presents a systematic review of the existing literature using statistical approaches for
gas turbine reliability analysis. It thoroughly examines the advancements made in applying the
Cox model to reliability analysis, identifying gaps in the current research and areas where further

improvements are needed.

Chapter 3 describes the XGBoost (extreme gradient boosting) algorithm and the Cox model, which
are the fundamentals of the proposed methodologies employed in this study. The chapter details
the analytical equations and computational processes that form the foundation of the proposed

method.



Chapter 4 elaborates on the proposed methodology, providing a step-by-step guide to its
implementation. It includes a detailed flowchart illustrating the process, from establishing a
machine learning model to representing a healthy gas turbine and developing an improved Cox
model for reliability analysis. The chapter outlines the procedural steps and technical specifics

needed for the proposed method.

Chapter 5 applies the proposed method to model a healthy gas turbine and construct an improved
Cox model using the NASA C-MAPSS dataset. This chapter demonstrates the validation process,
presenting performance metrics and comparison results that highlight the effectiveness of the
proposed approach. The case study serves as a proof of concept, illustrating the competence of the

proposed method in improving gas turbine reliability analysis.

Chapter 6 concludes the thesis with a summary of the research findings and discusses the
implications of the proposed method. The chapter also offers recommendations for future research
directions, suggesting how the methodology could be further refined and applied to other complex

systems and multiple failure modes.



2 Literature Review in Reliability Analysis for Gas Turbines

Reliability analysis plays a critical role in ensuring the safe and efficient operation of gas turbines.
Over the years, a variety of methods have been employed to analyze the reliability of this complex
system. This section systematically reviews these methods, focusing primarily on statistical

approaches due to their foundational role in reliability engineering.

To structure the review, statistical-based methods are categorized into three main categories:
parametric, non-parametric, and semi-parametric, each offering unique strengths and limitations
for handling diverse failure and operational data. Following a review of these three categories,
particular attention is given to the semi-parametric Cox model, which has emerged as a robust tool

for analyzing gas turbine reliability.

The review then progresses systematically from foundational techniques to the application and
evolution of the Cox model, highlighting its adaptability and potential integration with machine
learning methods. This structure aims to motivate the use of the Cox model and highlight its
capacity to address the complexities of gas turbine reliability analysis in modern engineering

contexts.
2.1 Statistical-based Methods

Statistical methods have long been the foundation of reliability analysis, offering structured
approaches to model and predict the failure behaviour of complex systems like gas turbines. These
methods are essential for predicting the potential failure and understanding how reliable the system

will be concerning time. Depending on the nature of the data and the assumptions made, statistical

10



approaches can be broadly categorized into parametric, non-parametric, and semi-parametric

methods.

Each category addresses specific challenges in reliability analysis. Parametric methods rely on
predefined failure distributions and are suited for well-characterized systems with consistent
failure patterns. Non-parametric methods, by contrast, make minimal assumptions about the
underlying failure mechanisms, offering flexibility in scenarios with incomplete or censored data.
Semi-parametric methods, exemplified by the Cox model, provide a balance between these
extremes, combining the interpretability of parametric models with the flexibility of non-

parametric approaches.

The following subsections examine each category in detail, highlighting their methodological
frameworks, advantages, and limitations. The discussion sets the stage for identifying gaps in
existing approaches and introducing semi-parametric methods, particularly the Cox model, as a

powerful tool for gas turbine reliability analysis.

2.1.1 Parametric Method

Parametric methods are foundational in reliability analysis due to their simplicity and
mathematical rigour. These methods assume that the failure times of components or systems follow
a specific probability distribution, enabling the derivation of key reliability metrics, such as the

reliability function and hazard rate, using established statistical formulas.

In the context of gas turbine reliability analysis, parametric methods are particularly effective for
systems exhibiting consistent failure patterns. Among these methods, the Weibull distribution and

its variants have emerged as the most commonly used approaches, based on the current body of

11



research and their demonstrated flexibility. The Weibull distribution’s ability to model increasing
or decreasing failure rates makes it uniquely suited for components that experience wear-out or
time-dependent degradation. Variants of the Weibull distribution, such as the three-parameter
Weibull model and modified Weibull models[15], [16], have been developed to address specific

operational and failure conditions in gas turbines.

This dominance of the Weibull distribution can be attributed to its adaptability in reliability
contexts. The two-parameter Weibull distribution[ 1 7], with its ability to model constant, increasing,
or decreasing hazard rates, has been widely used to evaluate failure behaviours in gas turbines. For
example, early studies such as the reliability analysis of compressor disks [18] demonstrated the
utility of Weibull statistics in predicting component lifespans based on low-cycle fatigue data. Over
time, researchers recognized the need for more sophisticated models, leading to the development

of three-parameter and modified Weibull distributions to address complex failure patterns.

Recent advancements further reinforce this adaptability. The three-parameter Weibull model,
which includes an additional location parameter, has proven particularly effective in modeling
operational reliability in gas turbines, as shown in its application to optimize maintenance
strategies and extend equipment service life [16]. Furthermore, the bathtub-shaped failure curve
of gas turbines, incorporating the three-parameter Weibull model, provides an intuitive framework
for assessing gas turbine reliability across different lifecycle stages [19]. This method effectively
captures the transition from early-life failures to wear-out failures, offering practical insights for
maintenance planning and reliability improvement. Additionally, the modified Weibull distribution
introduced in later studies provides enhanced flexibility for reliability estimation, capturing

nuanced failure trends and informing just-in-time maintenance interventions [8]. These

12



developments highlight how Weibull-based approaches have evolved to address the challenges

posed by increasingly complex operational conditions in gas turbines.

One of the main strengths of parametric methods, particularly Weibull distributions, lies in their
high interpretability and the relatively straightforward process of parameter estimation using
techniques like maximum likelihood estimation and least squares method. These features make
Weibull models computationally efficient and widely applicable, even in scenarios with limited or
structured datasets. For instance, Weibull models have been instrumental in analyzing turbine
reliability in real-world applications, including availability studies in combined cycle power plants
[20]. Here, Weibull-based reliability indices were used to identify critical turbine components and

guide the implementation of predictive maintenance tasks.

Moreover, Weibull distributions are not confined to a single operational context. They have been
applied across diverse turbine components and operational scenarios, such as failure prediction in
gas turbine disks [18], lifecycle reliability assessment in oil installations [16], and the analysis of
bathtub-shaped failure rates to model distinct lifecycle stages of gas turbines [19]. The ability of
Weibull models to adapt to varying operational and environmental conditions makes them

indispensable for understanding gas turbine reliability and informing maintenance strategies.

Despite the centrality of Weibull distributions in gas turbine reliability studies, it is important to
recognize that other parametric distributions—such as the exponential, lognormal, and log-
logistic—may offer a better fit for certain failure behaviours or operational profiles. Adopting
multiple parametric models can yield a more comprehensive understanding of component lifespans,
ensuring that a single set of assumptions does not overly constrain key reliability metrics. By

considering these alternative distributions, researchers can capture a wider range of failure

13



mechanisms and improve the robustness of their reliability assessments, especially in complex or

evolving operational environments.

However, parametric methods have limitations. Their reliance on predefined distributions makes
them sensitive to incorrect assumptions about the underlying failure mechanisms. For example, in
gas turbines operating under varying loads and environmental conditions, assuming a single failure
distribution may oversimplify the actual failure behaviour, as demonstrated by discrepancies in
reliability predictions for turbines with distinct operational profiles [20]. In such cases, these

methods may fail to capture the heterogeneity and complexity of failure mechanisms.

Given these limitations, alternative approaches such as non-parametric methods can be applied to

address the need for greater flexibility in reliability modeling.
2.1.2 Non-parametric Method

Non-parametric methods are a crucial alternative to parametric approaches, offering flexibility by
avoiding explicit assumptions about the underlying failure-time distribution. Instead of relying on
predefined probability models, these methods derive reliability metrics directly from the data,
making them particularly adaptable for survival analysis—especially when the data include
censored observations [21], [22]. In gas turbine reliability studies, this flexibility proves essential
when limited prior knowledge exists about the precise failure mechanisms or when operational

data are frequently interrupted by maintenance activities.

Among non-parametric techniques, the Kaplan-Meier (KM) estimator [22] is commonly used for

estimating the reliability function. Its stepwise survival curve accounts for the probability of

14



survival over time, incorporating censored data in a straightforward manner. Mathematically, the
KM estimator is expressed as:

R(D) = ﬂ"fn;df @1
]

L’jSt

where n; is the number of individuals at risk just before time ¢;, and d; is the number of failures at
time ¢; [23]. This formulation avoids reliance on any particular failure distribution, making it

particularly appealing for complex systems such as gas turbines.

The KM estimator can be employed in a variety of gas turbine contexts, primarily because it
accommodates censored observations, such as those generated by maintenance activities that
remove components from service before failure. By estimating the reliability function over time,
engineers can identify intervals when turbine components become increasingly prone to failure,
which in turn informs planned maintenance schedules. In addition, the survival function obtained
from KM analysis can be used to predict the risk of engine materials with multiple anomaly types
[24]. The KM estimator has proven as a time-driven technique to update the reliability curve of
the monitored equipment and demonstrates a more adaptive approach to reliability-based

remaining useful life (RUL) prediction [25].

Another important non-parametric technique in reliability studies is the Nelson-Aalen (NA)
estimator [21], which centers on the cumulative hazard function rather than the survival function.

Its basic formulation can be expressed as:

_ d;
At = Z + 2.2)

- ]
tjst
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where d; and n; carry the same the same definitions as in the KM estimator [21]. Since the

reliability function R(t) can be related to the cumulative hazard through the expression:
R(t) = e H® (2.3)

The NA estimator offers a complementary view of the same reliability data. Rather than describing

the probability of survival directly, it depicts how the total risk of failure accumulates over time.

In gas turbine systems, where component lifetimes may deviate significantly from standard
parametric models, the NA estimator can offer valuable insights into how risk evolves. This
perspective can be particularly informative when components operate under varying loads or
environmental conditions, as the cumulative hazard curve may reveal whether failure risk
accelerates under certain regimes. Engineers can use these findings to refine maintenance intervals,
prioritize the inspection of parts subjected to higher stress, and compare hazard trajectories across
different turbine models or operating modes. Like the KM method, the NA estimator does not
assume a specific distribution for the time-to-failure, enhancing its adaptability in scenarios

characterized by heterogeneous or limited data.

Although both the Kaplan-Meier and Nelson-Aalen estimators incorporate censored data and
bypass assumptions regarding the underlying failure distribution, their methodological focus
differs. The KM estimator highlights the proportion of components still functioning at each point
in time, providing a direct interpretation of reliability. In contrast, the NA estimator emphasizes
the aggregate buildup of failure risk, which can be more intuitive in contexts where understanding

the rate at which failures accumulate is crucial. When used together, these two estimators provide

16



a well-rounded view of survival and hazard patterns in a dataset. The choice between them often
depends on analytical priorities: KM is typically preferred for examining survival probabilities,

whereas NA proves more useful for evaluating how hazard rates change over time.

Non-parametric methods like KM and NA offer several key advantages in reliability studies
involving gas turbines. The most notable of these is their capacity to handle censored data without
requiring researchers to hypothesize a specific failure-time distribution. This attribute is
particularly valuable in heterogeneous systems, where multiple failure mechanisms may coexist
and be influenced by varying operational conditions. Additionally, the methods provide results that
can be easily visualized and interpreted in exploratory analyses, making them suitable for

preliminary investigations or for contexts in which data are scarce.

Despite these benefits, non-parametric approaches also face limitations. Their descriptive nature
can complicate direct comparisons across different systems or the inclusion of multiple covariates
since no explicit parametric framework guides the analysis. Moreover, in settings where high-
dimensional data are present, these methods may lack the predictive power needed to capture
complex interactions among numerous variables. Researchers must therefore carefully weigh the
simplicity and flexibility of non-parametric estimators against the potential drawbacks associated

with interpreting and extending these findings to broader, more complex scenarios.

To address some of the interpretability and predictive challenges associated with non-parametric
approaches, analysts frequently turn to semi-parametric models such as the Cox proportional
hazards model. This model combines the adaptability of non-parametric estimators, particularly in
modelling baseline hazard functions, with the ability to incorporate covariates in a more structured

manner, offering a balanced approach to reliability analysis for systems as complex as gas turbines.
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2.1.3 Semi-parametric Method

The semi-parametric method serves as a bridge between parametric and non-parametric
approaches, combining the strengths of both to offer greater flexibility and interpretability. Unlike
the parametric method, semi-parametric models do not require a predefined form for the baseline
hazard function, making them more adaptable to varied data conditions. At the same time, they

allow the inclusion of covariates, which is often challenging for purely non-parametric approaches.

The Cox model [26] is the most widely recognized and utilized semi-parametric method in
reliability analysis. It assumes that the hazard rate of a system is the product of a baseline hazard
function and a frequently utilized exponential term involving covariates. This structure allows the
model to capture the influence of external factors, such as operational and environmental variables,

on system reliability without making rigid assumptions about the baseline hazard.

In gas turbine reliability analysis, the Cox model has been applied to risk management of fleet,
evaluate maintenance schedules and predict RUL [13], [27]. Its flexibility and robustness make it

particularly suited for systems operating under diverse and evolving conditions.

A core strength of the Cox model, and of semi-parametric methods generally, lies in their capacity
to accommodate complex failure behaviors while allowing for detailed evaluation of key
covariates. Additionally, its statistical framework allows for hypothesis testing, facilitating the
evaluation of each covariate’s significance. These attributes make the Cox model a powerful tool
for reliability analyses aimed at isolating the effects of specific operational or environmental

factors.
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Nevertheless, semi-parametric methods present their own set of limitations. Sufficient data are also
required to ensure the robust estimation of covariate effects, and sparse or incomplete datasets may
compromise the model’s accuracy. Despite these concerns, the Cox model remains a key
component of modern reliability engineering, striking a strategic balance between parametric

specificity and non-parametric adaptability.

The next section expands on how Cox-based reliability methods can be applied to gas turbines. It
examines the evolution of baseline hazard functions, explores advanced approaches to the
covariates term, and highlights recent developments in integrating machine learning techniques.
The next section offers a comprehensive view of modern Cox-model applications in gas turbine

reliability.
2.2 Cox-based Reliability Analysis method for Gas turbines

The Cox model is one of the most influential and widely used methods in reliability analysis,
particularly for systems operating under varying conditions. Developed as a semi-parametric
approach, the Cox model offers a robust framework for analyzing the relationship between system
failure rates and external covariates. This flexibility makes it uniquely suited to complex systems

like gas turbines, which often operate in dynamic and diverse environments.

In gas turbine reliability analysis, the Cox model has been extensively applied to capture the effects
of operational parameters, environmental conditions, and maintenance practices on system failure
behaviour. By estimating hazard ratios, the model enables engineers to identify and quantify the

impact of key risk factors, providing valuable insights for decision-making. Over time, the Cox

19



model has evolved significantly, with advancements addressing its limitations and enhancing its

adaptability to modern engineering challenges.

The following subsections explore the key developments in the Cox model that have shaped its
application in reliability analysis for gas turbines. These include advancements in modelling the
baseline hazard function, improvements in the covariate term, and the integration of machine
learning techniques to extend the model's predictive capabilities. Each of these aspects represents

a crucial step in tailoring the Cox model to meet the demands of complex reliability problems.

2.2.1 Evolution of the Baseline Hazard Function in the Cox Model

The development of the baseline hazard function in the Cox model has experienced significant

advancements, particularly in the context of engineering applications.

Jardine et al. [28] applied the Weibull distribution as the baseline hazard function for the Cox
model, focusing specifically on the risk and failure analysis of gas turbines. The Weibull
distribution, renowned for its flexibility, can model both increasing and decreasing hazard rates,
making it an attractive choice for early applications. Jardine et al. demonstrated the utility of the
Weibull proportional hazards model by applying it to real-world failure data from aircraft and
marine gas turbines. This model proved effective in capturing the changing failure rates in
mechanical systems, particularly in environments where time-to-failure and other operational

variables were critical [28].

One of the key strengths of the Weibull distribution, as applied in Jardine’s study, is its ability to
accommodate different types of failure rates across various stages of a system's operational life.

Early failures, which may result from manufacturing defects or installation errors, can be modelled
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with a decreasing hazard rate, while wear-out failures—caused by material fatigue or long-term
degradation—can be modelled with an increasing hazard rate. This flexibility made the Weibull
distribution a suitable choice for engineering reliability studies, where mechanical components

experience varying stress and environmental conditions over time.

Subsequent studies have built upon Jardine et al.'s foundational work, seeking to overcome the
limitations of the traditional Weibull baseline hazard assumption. One such study directly
challenged the 'good-as-new' assumption, which presumes that systems, once repaired, return to
their original state of reliability [29]. In many real-world applications, particularly those involving
complex systems with multiple interdependent components, this assumption does not hold. An
alternative model, known as the 'bad-as-old' framework, acknowledges that systems often retain

some level of degradation after an emergency repair.

In this framework, the system's hazard rate is not refreshed by minor repairs, meaning the
fundamental reliability does not return to a "good-as-new" state. Instead, the system continues to
experience the effects of wear and tear, with the hazard rate only being reset following a more
comprehensive, planned overhaul. This 'bad-as-old' model better represents the wear accumulation
in systems subjected to intermittent repairs and maintenance, such as industrial machinery and
equipment. This regime has been modelled as a non-homogeneous Poisson process, where
emergency repairs affect the failure process but does not refresh the hazard rate to its initial state.
In their study, they used the Weibull proportional hazards model, incorporating covariates related

to operational conditions to refine their failure predictions.

This shift from 'good-as-new' to 'bad-as-old' highlighted the importance of revisiting underlying

assumptions in reliability modelling. Systems often do not revert to their original condition after
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repairs, making it crucial to account for partial degradation over time. By adapting the hazard rate
to more realistically reflect the system's condition post-repair, the 'bad-as-old' model provides a
more accurate representation of reliability, particularly in industries where components experience
cumulative damage, such as manufacturing, aerospace, and power generation. This model not only
provided better predictive accuracy but also laid the groundwork for further research into non-
monotonic hazard functions that can more flexibly capture complex degradation patterns in

engineering systems.

This extension of the Weibull model to account for bad-as-old failure processes has had significant
implications for maintenance strategies, allowing for more realistic planning based on the residual

risk of failure even after repairs.

Despite its widespread utilization, the Weibull distribution operates under certain assumptions that
can limit its applicability in more complex systems. One notable limitation is its monotonic hazard
function, meaning it can only model hazard rates that consistently increase, decrease, or remain
constant over time, but not those that fluctuate. The Weibull distribution's hazard function depends
on its shape parameter, which dictates the nature of the hazard rate. However, it cannot capture
hazard rates that increase and then decrease, or vice versa—common scenarios in real-world
engineering systems due to factors like maintenance interventions, wear-in periods, or varying
operational conditions. For example, maintenance might temporarily reduce the hazard rate, only
for it to rise again later. These non-monotonic behaviours are not well-represented by the Weibull
function. As a result, relying solely on the Weibull distribution may not provide the most accurate
reliability assessments for systems with fluctuating failure risks. Recognizing these limitations has

prompted researchers to explore alternative baseline hazard functions that can better capture the

22



complex failure behaviours observed in engineering systems. Subsequent studies have moved
beyond the Weibull distribution, experimenting with non-monotonic hazard functions and
incorporating more sophisticated methods to improve the accuracy and flexibility of failure

predictions in dynamic operational environments.

In an effort to enhance the flexibility of the Cox model's baseline hazard function, a non-monotonic
log-logistic function is introduced as an alternative to the widely used Weibull function [30]. This
modification sought to address the limitations of continuous proportional hazard models, which
typically rely on monotonic baseline hazard functions that either increase or decrease over time.
The log-logistic function offers greater flexibility by allowing the hazard rate to both rise and fall
within the same model, making it especially valuable in systems where failure risks are not

constant or linear over time [30].

This log-logistic function has been demonstrated to be particularly useful in scenarios where the
risk of failure initially increases but later declines due to maintenance, repair, or operational
improvements. This non-monotonic behaviour more accurately reflects real-world systems where
failure risks may peak during periods of high stress or usage, only to subside after interventions
are implemented. By allowing the hazard rate to follow this natural ebb and flow, the log-logistic
function offers a more realistic depiction of systems where wear, fatigue, and repairs interact

dynamically over time.

The use of the log-logistic baseline hazard function also provides advantages in computational
efficiency and model fitting. Compared to the Weibull function, the log-logistic function can better
handle variations in failure data that involve both early-life failures and late-life wear-out failures,

particularly when dealing with heterogeneous datasets. This flexibility is particularly important in
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engineering reliability studies, where the ability to model varying failure rates over a system’s

operational life is crucial for accurate failure predictions and maintenance scheduling.

The introduction of the log-logistic function into the Cox model highlights the need for models
that can adapt to non-linear failure patterns, challenging the traditional assumption that failure
rates always follow a monotonic progression. By incorporating the log-logistic function into the
Cox model, a tool for more nuanced and adaptable reliability assessments was developed,
particularly in environments where systems experience regular maintenance or where operating

conditions fluctuate significantly over time.

This advancement in baseline hazard modelling is part of a broader trend toward developing more
flexible and responsive hazard models that can accommodate the complex realities of modern
engineering systems. The log-logistic function's ability to capture non-monotonic hazard rates
marks a step forward in the evolution of parametric hazard models, enabling more precise and

effective risk management strategies in industries where system reliability is critical.

Building on the developments in the flexibility of baseline hazard functions, an advanced software
package 1s introduced that allows users to define their own baseline hazard functions within the
Cox proportional hazards framework [31]. This innovation was a crucial step forward in enabling
more tailored applications of parametric survival analysis. Traditionally, the Cox model has been
limited by pre-defined hazard functions such as the Weibull distribution, which may not always
capture the complex hazard dynamics present in many real-world scenarios. This Stata software
package, stgenreg, offered a solution by providing a flexible framework for the specification of
user-defined hazard functions, allowing greater customization based on the specific needs of the

analysis at hand [31].
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The introduction of stgenreg represented a turning point for researchers and engineers working in
fields where standard parametric models were insufficiently flexible to represent the observed
hazard functions. The software allowed users to go beyond traditional models by incorporating
spline-based methods, fractional polynomials, and other complex time-dependent effects into their
hazard function formulations. For example, users could define a baseline hazard function using
restricted cubic splines, offering a smooth, flexible curve that better fits survival data in many
engineering and medical applications. This capability made it possible to model hazard rates that
exhibit non-linear trends, such as those that rise and fall due to operational interventions or
environmental changes, a feature previously challenging to implement in standard software

packages.

Additionally, the package supports numerical integration for complex hazard functions, ensuring
that even analytically intractable models can be efficiently estimated. This advancement opened
up new possibilities for parametric survival analysis, allowing for the application of customized
hazard functions tailored to unique datasets. For instance, engineers analyzing the reliability of
systems subject to fluctuating operational conditions could define hazard functions that account

for multiple, time-varying covariates, leading to more accurate predictions of system failures.

The customizable nature of stgenreg thus marked a pivotal moment in the accessibility and
applicability of complex reliability models. Researchers could now adapt their models to specific
applications, ensuring that the unique characteristics of the systems under study—whether they be
mechanical components, environmental conditions, or human health outcomes—were adequately

reflected in the hazard function. This level of customization provided a more precise tool for failure
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prediction and risk assessment, extending the utility of the Cox model across a broader range of

engineering and medical fields.

Further contributions have been made to enhance the Cox model's ability to account for systems
with multiple failure modes. The Mixture Weibull Proportional Hazards Model (MWPHM) was
introduced and developed to predict failures and analyze the reliability of mechanical systems that
exhibit diverse failure behaviours [32]. The model leverages the Weibull distribution to represent
the failure rates of individual components, combining multiple failure modes into a comprehensive
system-level failure model. By utilizing a mixture model, the MWPHM addresses the complexities
of mechanical systems where different components may fail at different rates and through distinct

processes, such as wear, fatigue, or material failure.

The MWPHM’s effectiveness is further demonstrated by applying it to high-pressure water
descaling pumps, which operate under extreme conditions and exhibit two primary failure modes:
sealing ring wear and thrust bearing damage. Through the integration of historical lifetime data
and real-time monitoring information, the model was able to accurately predict failures across
these modes, outperforming traditional single-mode Weibull models. The mixture model captured
the interactions and competition between these failure modes, providing a more detailed and

realistic assessment of the system’s overall reliability.

One of the key advantages of the MWPHM is its ability to account for the simultaneous impact of
multiple failure modes, allowing for more accurate failure predictions in complex, real-world
systems. The MWPHM not only estimates system reliability based on individual component
behaviours but also incorporates the effects of monitoring variables, ensuring that maintenance

strategies can be better aligned with actual system conditions. This model provides a significant
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improvement in failure prediction accuracy, particularly for systems with interacting failure
mechanisms, marking a substantial advancement in reliability analysis for mechanical systems

with diverse and competing failure processes.

To further enhance the adaptability of the Cox model's baseline hazard function, a generalized
baseline hazard function based on extreme value theory is proposed [33]. This innovative approach
was specifically designed to address the extreme environmental conditions that aircraft systems
frequently encounter, such as sudden changes in altitude, pressure, and temperature during flight.
Traditional baseline hazard functions like the Weibull distribution, while effective for many
applications, often fall short when it comes to modelling non-monotonic hazard rates that rise and
fall as a result of extreme conditions, such as turbulence or severe weather events. By integrating
extreme value theory, this approach enabled the proportional hazards model to more accurately

reflect the operational challenges of aviation systems in these high-stress environments.

The generalized baseline hazard function incorporates the flexibility necessary to model these
increasing-decreasing hazard rates. This non-monotonic behaviour is crucial in aviation, where the
risk of failure can peak during critical moments, such as takeoff or navigating through turbulent
airspaces, but may decrease as systems stabilize or as external conditions improve. The extreme
value-based hazard function allows for a more precise analysis of aircraft performance and

reliability, capturing the dynamic risk profile associated with these operational phases.

Moreover, the proposed model has demonstrated its effectiveness in real-world applications, as it
was validated through studies on aircraft performance during turbulence and storm events [33]. By
accounting for time-varying covariates, such as atmospheric pressure and temperature, this

approach has proven to be a valuable tool in understanding and predicting aircraft system failures
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under extreme conditions. The use of this model in predicting the hazard rates during turbulent

flights showcases its practical application in improving flight safety and performance monitoring.

This development highlights the growing need for advanced reliability models that can handle the
dynamic and extreme conditions typical in modern engineering systems, especially in fields like
aeronautics where environmental factors play a critical role in system performance. These
advancements not only illustrate the ongoing evolution of the Cox model’s baseline hazard
function but also emphasize the critical role of covariate modelling in capturing the effects of

operational and environmental factors on system reliability.

As a result, exploring the development of the covariate term becomes essential in enhancing the
model's predictive capabilities for complex engineering systems. By advancing our understanding
of how covariates influence system failure rates, we can further refine the Cox model to provide

more accurate and insightful reliability assessments under varying operational conditions.

2.2.2 Advancements in the Covariate Term of the Cox Model

As the baseline hazard function of the Cox model has evolved, advancements have also been made
in refining the covariate term, which plays a crucial role in assessing the influence of external
factors on system reliability. In engineering applications, covariates often represent operational
conditions, material states, or environmental factors, and improvements in handling these
covariates have enabled more precise failure predictions and reliability assessments. Several key
developments have contributed to the enhanced use of the covariate term, expanding the

applicability of the Cox model to more complex and dynamic systems.
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A study[34] introduced a development in handling nonlinear relationships between failure rates
and state parameters using the Weibull proportional hazards model. This approach addressed the
challenge posed by systems where failure rates do not follow simple linear trends but are
influenced by complex and evolving state parameters such as temperature, pressure, and vibration.
By integrating condition monitoring data with least-squares nonlinear regression techniques, the
method allows for real-time prediction of equipment lifetime, providing a dynamic and responsive
model that adjusts as new condition data becomes available. This approach proved powerful in
real-time health monitoring and predictive maintenance applications, as demonstrated in the
application of marine diesel engines. The integration of statistical and data-driven techniques
offers a more flexible and accurate tool for assessing RUL in complex engineering systems, as the
failure rate trends are continuously updated to reflect the equipment's condition over time. By
incorporating nonlinear regression, it provides a robust framework for real-time failure prediction,
offering a marked improvement over traditional linear models that may fail to capture the complex
interactions between different state parameters and failure mechanisms. This advancement ensures
that systems operating under variable conditions can be monitored with greater precision,
supporting proactive maintenance strategies and reducing unexpected downtime in critical

engineering applications.

In another advancement, Principal Component Analysis (PCA) is employed to extract essential
covariate information from large datasets, specifically for the reliability assessment of rotating
bearings [14]. The inherent complexity of mechanical systems, such as rolling bearings, often leads
to a vast number of operational variables, which can make reliability analysis computationally

expensive and less precise when all variables are treated equally. This method recognized the need
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to reduce the dimensionality of these datasets while retaining the most critical information for
reliability assessment. By applying PCA, this method was able to simplify the covariate structure
by selecting only the most representative principal components (PCs) that captured the core
variations in the data, thus eliminating redundancies that could obscure the true relationship

between operational conditions and failure rates.

The PCA method allowed for isolating the key features that most significantly influenced the
system’s performance degradation. This approach reduced the dimensionality of the dataset by
transforming the original feature set into a smaller number of uncorrelated PCs, which were then
used as covariates in the Weibull Proportional Hazards Model (WPHM). The first three PCs were
found to capture over 90% of the information necessary to describe the degradation process of the
bearings. These PCs were then utilized to predict the RUL and assess the reliability of the bearings

with greater accuracy than models relying on unprocessed feature sets.

This technique is valuable in practical engineering applications where large datasets from
condition monitoring systems are common. By focusing on the most impactful covariates, the
model not only improves predictive accuracy but also reduces computational complexity. This
makes the approach more suitable for real-time health monitoring and predictive maintenance,
particularly in industries such as manufacturing, energy, and transportation, where equipment
reliability is paramount. The PCA-WPHM combination enhances the efficiency and accuracy of
the reliability assessment, ensuring that critical maintenance decisions can be made promptly based

on the most relevant data.

The further expansion of the scope of the Cox model directly integrates the effects of various

working conditions into the exponential term of the model [35]. This approach presents a
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generalized model for the reliability assessment of machine tools, a domain where operational
conditions such as load, speed, and temperature can significantly impact failure rates. By
combining hazard functions with the widely used Weibull distribution, this approach developed a
more sophisticated method for accounting for these varying operational stresses, ensuring that the

model more accurately reflects the real-world operating environments of machine tools.

The uniqueness of this model is based on its capacity to capture the dynamic interaction between
operational conditions and system degradation over time. Machine tools are frequently subjected
to fluctuating stresses—such as changes in cutting force, speed, and processing temperature—that
can accelerate wear and impact failure mechanisms. The generalized hazard model addresses these
challenges by incorporating covariates that directly affect the hazard rate. This method allows for
a more detailed and accurate reliability assessment, where the cumulative effect of operational

conditions is reflected in the hazard function's exponential term.

The integration of these operational variables into the Cox model enables a more refined analysis
of how varying conditions contribute to failure rates. For instance, under high loads and speeds,
the wear on critical components is accelerated, leading to increased hazard rates, while under more
stable conditions, the hazard rate remains lower. This variability points out the importance of
capturing not just static failure rates but also the continuous impact of operational factors over the
life of the equipment. By doing so, this model helps in designing better maintenance strategies,
ensuring that machine tools are serviced before critical failures occur, thus reducing downtime and
extending equipment lifespan. This model is relevant in environments where machine tools are
exposed to high levels of operational variability [35]. This methodology also highlights the

importance of continuous monitoring and data collection, as it relies on real-time operational data
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to adjust the model's predictions dynamically. As a result, this approach offers a more robust
framework for predictive maintenance and reliability engineering, ensuring that maintenance

decisions are aligned with the actual conditions experienced by the equipment.

Another study advanced the covariate term of the Cox model by incorporating critical
environmental factors—such as altitude, ambient temperature, and atmospheric pressure—directly
into the exponential function of the model [33]. This development specifically addresses the unique
challenges posed by extreme operational conditions in aviation, where environmental stresses can
significantly influence system performance. By introducing these covariates, the model provides
a more precise representation of the dynamic risks that aircraft face in high-altitude and high-stress
environments, particularly during takeoff, landing, and turbulence-prone phases. The study also
emphasized the substantial impact of these environmental conditions on aircraft reliability and
performance. For instance, the integration of atmospheric pressure, which directly affects engine
performance, and altitude, which influences aerodynamic stability, into the Cox model allows for
a more realistic and dynamic assessment of failure risks. This model proves essential in aviation
safety, as it accounts for the fluctuating nature of these external factors, which are not always

captured by traditional reliability models that assume more stable operational environments.

By expanding the covariate term to include environmental variables, the model not only enhances
predictive accuracy but also improves the ability to perform real-time risk assessments [33]. This
method is crucial in the aviation industry, where the ability to dynamically assess risks based on
changing environmental conditions can significantly enhance decision-making related to

maintenance and operational safety. As aircraft operate in diverse and often extreme environments,
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the inclusion of these covariates ensures that reliability models reflect the real-world conditions

that influence system degradation and failure.

A recursive method is tailored and developed to handle systems with large covariate state spaces
in the Cox model—a critical advancement for complex engineering applications [36]. This method,
specifically designed for health assessment, addresses the challenges of computational efficiency
and memory use, which are common issues when dealing with large datasets and real-time system
monitoring. The recursive approach proposed continuously updates the hazard function as new
covariate data become available. Unlike traditional methods that struggle with the sheer size of
covariate state spaces, this approach leverages a discretization technique, breaking down the

system age into smaller subintervals and constructing transition matrices over these intervals.

By employing upper and lower bounds for covariate transitions, the recursive method enhances
robustness and accuracy, even in complex systems with large state spaces. This technique accounts
for uncertainties in covariate changes, ensuring the model remains reliable even when exact
covariate values are difficult to determine. This approach ensures that health indices such as the
conditional reliability function (CRF) and mean residual life (MRL) are computed efficiently
without excessive memory consumption. The recursive formulas derived from the matrix
transitions significantly reduce the computational burden compared to traditional matrix-based
methods, allowing real-time health monitoring and predictive maintenance in industries like

energy and transportation.

It is demonstrated that this method could effectively manage the computational demands of
modern prognostics and health management (PHM) systems, where large volumes of operational

data are generated continuously. The recursive method optimizes both accuracy and performance,
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making it a valuable tool for industries that require fast and reliable health assessments to prevent
costly system failures and extend the operational lifespan of critical equipment. This capability is
particularly valuable in sectors where equipment failure can have severe consequences, such as in

energy production or transportation networks.

These advancements in modelling the covariate term of the Cox model have greatly expanded its
utility in engineering domains. They allow for more precise modelling of failure mechanisms and
better integration of real-time data. As engineering systems continue to grow in complexity,
accurately capturing the effects of operational and environmental covariates becomes crucial for

ensuring the reliability and longevity of critical machinery.

However, despite these significant improvements, challenges remain in effectively modelling and
analyzing the vast and complex data generated by modern engineering systems. Traditional
statistical methods may struggle to capture non-linear relationships and complex patterns within
high-dimensional datasets. This limitation has led to a growing interest in integrating machine
learning techniques with the Cox model. Machine learning offers powerful tools for handling
large-scale data, uncovering hidden patterns, and improving predictive accuracy. In the next
section, we explore recent developments that combine machine learning with the Cox model,
highlighting how this integration can address current limitations and further enhance reliability

analysis in engineering applications.
2.2.3 Integration of Machine Learning with Cox Model

With the rapid advancement of machine learning technologies in the analysis of RUL [37], [38],
the Cox model has been further optimized and enhanced in engineering applications. The

integration with machine learning methods addresses some of the limitations of traditional Cox
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models, particularly in handling complex, high-dimensional, and nonlinear relationships among
covariates. Machine learning's ability to process large volumes of data and uncover complex
patterns has significantly expanded the Cox model’s applicability in modern prognostics and

reliability assessments.

One innovative approach involved the development of a deep-learning-based proportional hazards
model by integrating a long-short-term memory (LSTM) approach for Time-Between-Failure
(TBF) prediction [12]. This method addresses significant challenges in predictive maintenance,
such as data sparsity and censoring, which are common in operational maintenance data. By
leveraging the LSTM’s capacity to capture long-range dependencies and temporal patterns, the
model successfully predicted failure times in dynamic systems where failure patterns evolve over
time. The LSTM network functions as a covariate processor, feeding its output into the Cox model
to provide more accurate RUL predictions. This hybrid approach demonstrated superior
performance in handling both censored and uncensored data, particularly in cases where data was
sparse or incomplete. The autoencoder component also contributed by converting nominal data

into a more robust form, further improving the model's efficiency and accuracy.

The strength of this model lies in its ability to dynamically adjust the hazard rate based on evolving
system conditions, allowing for real-time health monitoring. By incorporating deep learning into
the traditional Cox model, the study introduced a more flexible and powerful tool for addressing
the complex, non-linear relationships among covariates, thus optimizing predictive maintenance
strategies. The method was validated using real-world fleet maintenance data, demonstrating

notable improvements in model performance metrics such as the Model Correlation Coefficient
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(MCC) and Root Mean Square Error (RMSE), which are critical in assessing the accuracy and

reliability of failure time predictions.

This work represents a leap forward in combining machine learning with survival analysis
techniques, enhancing the Cox model’s applicability in modern, data-intensive industries where

predictive accuracy is paramount for maintenance and operational efficiency

Another advancement in integrating machine learning with the Cox model involved a data-driven
approach that incorporates Geographical Information System (GIS) data through deep learning
models [11]. In this method, GIS data—which includes variables such as weather conditions, road
characteristics, and traffic patterns—was merged with maintenance records using a deep learning
framework to generate health indices (HIs) for vehicles. These health indices served as critical
covariates in the Cox model, enabling the estimation of RUL for vehicles operating in diverse

geographic environments.

By combining spatial data with historical maintenance information, this method allowed for more
context-aware predictions of vehicle health and performance. The inclusion of GIS data enhanced
the model’s predictive power, particularly in scenarios where operational conditions varied
geographically. This integration highlights how machine learning can augment traditional survival
models by incorporating diverse data sources, improving RUL estimation accuracy in
geographically dispersed systems. Such advancements are particularly valuable for fleet
management and transportation systems, where geographical variability plays a crucial role in

system degradation and failure rates.

This approach exemplifies the growing trend of blending machine learning techniques with the

Cox model to enhance its flexibility and applicability in real-world, data-intensive environments.
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By utilizing spatial data, this method expands the model's capacity to make more granular and

precise predictions, marking a moving forward in predictive maintenance strategies.

A further refinement in integrating machine learning with survival analysis was the development
of a framework combining the Cox model with Random Survival Forests (RSF). This approach
was specifically designed to address challenges related to data censoring and dynamic failure rates
in systems such as gas transmission pipelines [39]. The RSF model, being a non-parametric
ensemble learning method, complements the Cox model by offering greater flexibility in handling
censored data. This hybrid framework demonstrated its capability to manage complex, non-linear
interactions between covariates, such as pipe diameter, pressure, and wall thickness, which are
difficult for traditional Cox models to handle due to their linear assumptions. The hybridization of
these two models not only improved the prediction of failure times but also provided a more robust
understanding of how various covariates influence pipeline failure probability. This
methodological advancement is particularly relevant for systems like pipelines, where censoring
is frequent, and the risk of failure varies dynamically based on operational conditions and
environmental factors. By leveraging the strengths of both the Cox model and RSF, this combined
approach created a more versatile framework capable of adapting to the intricacies of large, real-
world systems, thus significantly improving the accuracy and reliability of failure predictions in

critical infrastructure systems.

Another advancement in this domain involved the integration of neural networks within the Cox
model to incorporate multi-sensor degradation signals into a joint prognostic framework [13]. This
approach combines run-to-failure data and real-time loT-based sensor inputs to create a more

nuanced and accurate RUL prediction system for complex systems like gas turbines. By leveraging
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neural networks to capture the nonlinear interactions among covariates, the method addresses one
of the key limitations of traditional Cox models, which typically struggle with high-dimensional,

non-linear datasets.

The strength of this approach lies in its ability to continuously update hazard predictions based on
real-time data, improving the responsiveness and accuracy of failure predictions. This model
incorporates multiple health covariates derived from sensors monitoring various aspects of system
performance. By feeding this real-time sensor data into a neural network within the Cox model
framework, the method can dynamically adjust RUL estimates to reflect changing operational
conditions, making it particularly useful in industries such as aerospace and energy, where real-

time monitoring and precise failure predictions are crucial.

This innovative fusion of neural networks and the Cox model demonstrates how machine learning
techniques can expand the model’s capabilities to handle complex, evolving datasets, ensuring that

the reliability of modern engineering systems is continuously assessed with precision.

These recent studies highlight the growing trend of incorporating machine learning into the Cox
model to better handle complex and nonlinear relationships among covariates. By directly using
covariate data in sophisticated machine learning architectures, such as deep neural networks and
random forests, the Cox model has evolved to meet the demands of modern engineering systems,
providing more accurate and real-time reliability analysis and RUL predictions. This fusion marks
a crucial advancement in the Cox model's reliability and predictive capabilities, making it a more
robust tool for diverse engineering applications. However, while these developments have
significantly enhanced the model's applicability, certain challenges specific to aero-gas turbines

remain unaddressed.
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Despite these advancements, prior research has not sufficiently developed new covariates that
accurately capture the unique degradation mechanisms of aviation gas turbines, particularly under
their highly dynamic operating and environmental conditions. Existing studies often rely heavily
on environmental conditions and operational settings as covariates in reliability analyses. While
these factors are important, they can overshadow the intrinsic degradation behaviours of turbine
components, leading to less precise reliability assessments. In the context of aviation gas turbines,
which operate under rapidly changing loads, temperatures, and pressures, it's crucial to identify
covariates that directly reflect component wear and deterioration. Without this focus, the influence
of external factors may confound the analysis, hindering the model's ability to provide actionable
insights for maintenance and risk management. Therefore, there is a pressing need to develop and
incorporate new, more representative covariates that can enhance the Cox model's accuracy in
predicting failures and analyzing the reliability of aviation gas turbines, independent of fluctuating

environmental and operational conditions.

This research aims to address this gap by developing novel covariates that more accurately
represent the degradation processes of aviation gas turbines. By minimizing the influence of
external environmental and operational factors, the proposed approach seeks to improve the

precision of reliability assessments and provide more effective maintenance strategies.
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3 Fundamentals of the Proposed Method

This section introduces key fundamentals behind the Extreme Gradient Boosting (XGBoost)
algorithm and the Cox model, both of which are central to the proposed method for gas turbine
reliability analysis. These two techniques provide a powerful combination for predicting gas

turbine performance and assessing the likelihood of failure under varying working conditions.

XGBoost is a high-performance machine learning algorithm based on gradient boosting, which
iteratively builds an ensemble of weak learners—typically decision trees—to improve prediction
accuracy. The algorithm’s objective function balances prediction error and model complexity,

making it suitable for handling the complex relationships present in gas turbine performance data.

The Cox model is a well-established method for reliability analysis, often used to model the time
until a failure event occurs. The Cox model evaluates how covariates, such as environmental and
operational conditions, influence the risk of failure over time, without requiring assumptions about
the baseline hazard function. This flexibility makes the Cox model a powerful tool for analyzing

gas turbine reliability under varying conditions.

The integration of these two techniques—XGBoost for predicting healthy operational parameters
and the Cox model for evaluating failure risk—forms the foundation of the proposed reliability
analysis method. XGBoost’s ability to capture complex, nonlinear relationships between inputs
allows it to model the healthy state of the gas turbine with high accuracy, while the Cox model
provides a robust statistical framework for analyzing how deviations from this healthy state affect

the turbine’s reliability.
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3.1 XGBoost

The Extreme Gradient Boosting (XGBoost) algorithm is renowned for its efficiency and accuracy,
particularly in tasks involving structured data. As part of the gradient boosting framework,
XGBoost sequentially builds multiple decision trees, where each new tree aims to correct the
residuals from the previous ones. This iterative refinement process enhances the model’s predictive
performance. In the context of this study, XGBoost is essential for predicting gas turbine
operational parameters and constructing a healthy gas turbine model across different working

conditions.

A key innovation of XGBoost is its use of Taylor Approximation to optimize the objective function.
Specifically, the second-order Taylor expansion enables XGBoost to approximate changes in the

loss function when adding new decision trees, making the learning process more efficient.
3.1.1 Taylor Approximation

It's essential to first introduce Taylor Approximation for a clearer understanding of how XGBoost
makes its updates. This concept is crucial to the way XGBoost iteratively improves the model by

adding new trees to reduce errors.

If the function g(x™) is differentiable, the First-Order Taylor Approximation provides a linear

approximation of g(x*) near x,,. The approximation is expressed as:

gx™) = glxe) + g' () (x™ — xp) (3.1)
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This formula represents the linear approximation of a function using the first derivative g'(xy),

which captures the direction of the function's slope at point xy.

If the function g(x™) is twice differentiable, the Second-Order Taylor Approximation improves
upon the first-order by incorporating the second derivative. This quadratic approximation is

expressed as:

1
gx*) = gxe) + g' () (™ — x) +Eg”(xk)(x* — xp)? (3.2)

In this form, the second derivative g’ (x;) , also known as the Hessian, accounts for the curvature
of the function, providing a more refined approximation by estimating how the function bends at

X-

XGBoost uses this second-order Taylor Approximation at each iteration to estimate how adding a
new decision tree will affect the model's predictions. Unlike traditional gradient boosting methods
that only use first-order derivatives (gradients), XGBoost benefits from considering both gradients

and Hessians, resulting in more precise and efficient updates.

This approximation allows XGBoost to locally estimate the loss function at each iteration,
improving the model's convergence and predictive accuracy. The first derivative (gradient) directs
the algorithm towards minimizing the loss function, while the second derivative (Hessian) refines
this by adjusting for the curvature. This dual use of gradient and curvature allows for faster
convergence and better generalization, especially in complex datasets, such as those encountered

in gas turbine performance predictions.

The Taylor expansion applied to XGBoost helps approximate the model’s objective function,

which includes both a loss function (to measure prediction errors) and a regularization term (to
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penalize model complexity). This expansion provides a way for the algorithm to optimize the
objective function effectively, minimizing errors and controlling complexity, thus preventing

overfitting.
3.1.2 Objective Function

The objective function is a crucial part of the XGBoost algorithm, guiding the model during
training to optimize its predictions. The construction of an XGBoost model begins with an initial
prediction, and at each iteration, the model adds a new decision tree to correct the residual errors
from the previous iteration. This iterative process allows the model to progressively refine its

predictions by focusing on the mistakes made in earlier stages.
The objective function in XGBoost has two main components:

1. The loss function: This measures the difference between the actual target values and the

predicted values, ensuring that the model minimizes errors as it learns from the data.

2. The regularization term: This penalizes the complexity of the model, encouraging simpler
and more interpretable models that generalize better to unseen data. By controlling model
complexity, XGBoost avoids overfitting, which is critical in handling large and complex

datasets.

Minimizing the objective function involves balancing the trade-off between reducing prediction
errors and maintaining model simplicity. The objective function in XGBoost is defined

mathematically as follows:

n k-1
A (k—1)
W=y [z (yi,yi Uy fkcxa)] £ 0(F) + 20 (33)
i=1 =1
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Where L% represents the objective function value at iteration k. This objective function guides
the optimization process at each step, aiming to minimize the overall error in the model while
applying penalties to limit complexity. n is the total number of training samples in the dataset.
Each sample represents a data point used for training the XGBoost model, consisting of input

features and the corresponding target values. For each sample 1, 1 is the loss function that quantifies

A (k—1)
the error between the true target value y; and the predicted value from the model y; at the

previous k—1 iterations. Specifically, y; is the actual target value for the i, training sample.

(k=1)
3/’\1' is the predicted value of the i, training sample after the first k—1 iterations. fj (x;) is the

prediction of the new tree being added at iteration k for training sample i. The term 2?;11 .(2( f])

represents the regularization terms for the first k—1 decision trees. This sum is treated as a constant
term during the k,, iteration because it only involves trees that have already been constructed.
Since these trees are fixed, their contribution to the regularization does not change in subsequent
iterations, allowing the algorithm to focus on optimizing the current iteration’s tree. 2(f;) is the
regularization term for the current tree being constructed at iteration k. This term plays a crucial
role in penalizing model complexity, which helps to prevent overfitting. It ensures that the model
doesn’t become overly complex by discouraging excessively deep or wide decision trees, and

promoting more generalizable models.
The regularization terms in XGBoost serve two critical purposes:

1. Preventing overfitting: By penalizing complex models, XGBoost avoids building trees that

fit the training data too closely, which would reduce performance on unseen data.
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2. Improving model robustness: Regularization helps in constructing trees that generalize
well across different datasets and operational conditions, such as those observed in gas

turbine reliability data.

By balancing the loss function with the regularization terms, XGBoost minimizes errors while
controlling the model’s complexity, thus producing a highly accurate, robust model capable of

handling complex datasets.

Understanding these key principles of XGBoost is essential for grasping the logic behind the
proposed method. Taylor Approximation, particularly the second-order expansion, provides a
mathematical basis for optimizing the model by leveraging both gradients and curvatures. This
insight into how XGBoost refines predictions iteratively through gradients and Hessians helps
illustrate why the algorithm is effective in tasks such as gas turbine reliability analysis, where
accurate, high-dimensional data modelling is required. Furthermore, the objective function ensures
that the model optimally balances predictive performance and complexity, which is crucial when
working with large, complex datasets typically encountered in aviation systems. These
fundamentals are directly applied in constructing the proposed method, allowing for precise

modelling and more robust reliability predictions.
3.2 Cox Proportional Hazards Model

The Cox proportional hazards model is a semi-parametric model used to investigate the effect of
several variables, or covariates, on the time a specified event occurs, such as system failure. This

model assumes that the hazard functions among different individuals (in this case, gas turbines)
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are proportional, meaning that, regardless of the operational duration of two turbines, the ratio of

their failure risks remains constant over time.

In the context of gas turbine reliability analysis, let X;, X5, ..., Xj, be the covariates that influence
the gas turbine's lifetime, such as operational parameters (e.g., temperature, pressure) or
environmental conditions (e.g., altitude, Mach number). These covariates represent important

factors that may affect the hazard rate, i.e., the risk of failure over time.

For an individual gas turbine, denoted by iii, we can describe its condition at each operational cycle
by a covariate vector X, = (x;1,X;3, ..., Xjx), Where i = 1,2,...,m, and each x;; corresponds to the
Jen covariate value during the i, cycle. This allows us to capture the turbine's operational state

throughout its lifespan.

The hazard function for a gas turbine, or the risk of failure at time t given the covariates, is defined

as:
h(tI%)=ho (). 8GF) (3.4)
In this equation:

e hy(t) is the baseline hazard function, representing the failure rate when all covariates are
zero. This function models the highlighting risk of failure over time, independent of the

specific covariates.

o g(x,) is the covariate term, which adjusts the baseline hazard according to the covariates

associated with the turbine at cycle 1.
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In this study, we follow standard practice in the Cox model by employing an exponential function
for the covariate term. The exponential function ensures that the hazard function remains positive

and allows for the covariates to proportionally increase or decrease the failure risk.

Thus, the covariate term is given by:
g(®) = exp (%,.5, ) (3.5)

Where Fl = (bj1, bi3, ..., by)" is a vector of coefficients corresponding to the covariates. These

coefficients represent the degree to which each covariate influences the failure risk.

By substituting this covariate term into Equation (2), we obtain the following expression for the

hazard function:

k
h(tlfl) = ho(t) exp z bl] xij (36)
j=1

In this expression, the value of each coefficient b;; quantifies the influence of the ji;, covariate X;;
on the hazard function. A positive coefficient b;; > 0 indicates that increasing the value of the
covariate increases the hazard rate (i.e., a higher risk of failure), while a negative coefficient b;; <

0 suggests a protective effect, where higher values of the covariate reduce the risk of failure.

Understanding the fundamentals of the Cox model is crucial. First, these fundamentals lay the
foundation for how we model the risk of failure over time based on operational and environmental
factors. By defining the hazard function in terms of covariates, we can systematically analyze how
different variables, such as gas turbine operating conditions, contribute to the turbine's reliability

and failure risk. Furthermore, by incorporating these basic concepts into our proposed method, we
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can better assess the effectiveness of improvements, such as the integration of machine learning-
generated covariates and an enhanced baseline hazard function. These fundamentals guide the
construction of the proposed reliability analysis approach, ensuring that the model is both flexible

and robust under varying working conditions.
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4 The Proposed Reliability Analysis Method

The proposed method aims to mitigate the effects of fluctuating operational settings and varying
environmental conditions on the reliability of aviation gas turbines. These external factors often
introduce variability and uncertainty into reliability assessments, leading to inaccuracies if not
properly addressed. By developing more robust models that account for these changes, this method

provides a more precise and reliable evaluation of gas turbine performance over time.

The method consists of two primary parts that complement each other. The first part involves
developing a machine-learning model to represent a healthy gas turbine. This model uses historical
data to establish key operational patterns under healthy conditions, which serve as a baseline for

comparing turbine sensor measurements in real-time to develop new covariates.

The second part enhances the traditional Cox model, a commonly used statistical tool for reliability
analysis. This enhancement can integrate the developed new covariates, allowing the model to
adjust predictions dynamically based on changes in turbine operating conditions. The improved
Cox model, shown in Figure 4, enables more accurate assessments of turbine failures, offering a

more flexible and comprehensive approach to reliability analysis.
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Development of a machine learning model to
represent a healthy gas turbine

XGBoost to model a single subsystem
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An improved Cox proportional hazards model

Covariates selection for the
exponential term

Output reliability analysis curve

Figure 4. The flowchart of the proposed reliability analysis method

The method begins by developing a machine-learning model to simulate a healthy gas turbine
under various environmental and operational conditions. These simulations serve as a benchmark
for comparing real-time sensor measurements from turbines in operation. Establishing a baseline

of expected behaviour allows for the development of new covariates later in the analysis.
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The machine-learning model, built using XGBoost, is chosen for its effectiveness in handling
complex relationships in structured data. A key innovation is the introduction of a "residual
correction" mechanism, which acts as an error correction feature, refining the model’s predictive
accuracy by iteratively adjusting the residuals (the difference between predicted and observed
values). This mechanism reduces prediction errors and accounts for operational fluctuations,

leading to more reliable predictions.

Each subsystem of the turbine is modelled individually, and these subsystems are later integrated
into a complete system model. This modular approach ensures greater precision, allowing each
subsystem to be fine-tuned before integration. Modelling both individual subsystems and the
overall turbine system represents a significant advancement in predicting turbine health. Detailed

steps for this process are provided in Section 4.1.

The second part of the method calculates differences by comparing the simulated healthy turbine
output with real-time sensor measurements. These differences serve as key indicators of potential
degradation or malfunction. By using these residuals as covariates in the reliability model, the
method can perform a more robust analysis that isolates the effects of degradation from noise

introduced by changing operational and environmental conditions.

This approach improves upon traditional methods, which often use raw sensor data as covariates.
Raw data can be heavily influenced by external factors, making it difficult to distinguish between
normal fluctuations and early signs of failure. Focusing on the differences between simulated
healthy conditions and real-time sensor measurements allows the model to reflect turbine

degradation more accurately with minimal interference from external variability. This approach
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decouples degradation signals from operational noise, offering a clearer picture of gas turbine

health and a significant advantage over traditional methods.

Finally, as another contribution, we develop an enhanced Cox model that incorporates a carefully
selected baseline hazard function. This baseline function is chosen to better accommodate the
reliability characteristics of aviation gas turbines. In addition to the baseline hazard, the model
includes an exponential term of selected covariates derived from differences between healthy
operation and failure conditions. These covariates more accurately represent the factors that

influence the hazard rate of failure.

By incorporating the developed covariates and the enhanced Cox model, the proposed method
dynamically adjusts failure predictions based on the current operational context. This proposed
method is specifically tailored to handle variability in working conditions, resulting in more
flexible and accurate reliability assessments. The method ultimately generates reliability curves
that are not only more accurate but also more representative of real-world turbine behaviour than
those produced by the traditional Cox model. These reliability curves provide deeper insights into
expected performance and potential failure points, supporting more informed maintenance and
operational decisions. Detailed steps for constructing the proposed Cox model are explained in

Section 4.2.
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4.1 Development of a Machine Learning Model to Represent a Healthy Gas

Turbine

An aviation gas turbine is a complex system composed of multiple subsystems, each varying in
structure, configuration, and the components it includes. These subsystems can be either
standalone units or comprise multiple interconnected components. Modelling each subsystem
accurately is essential for predicting the overall health and performance of the gas turbine. In this
section, we propose a subsystem model that integrates individual models to represent the healthy

operational state of an aviation gas turbine.

To improve prediction accuracy within the subsystem model, we introduce a residual correction
mechanism. This mechanism enhances the model’s ability to predict critical parameters such as
the temperature at the low-pressure turbine outlet and the static pressure at the high-pressure
compressor outlet. To achieve this, two distinct XGBoost-based machine-learning models are
developed: the Gas Path Predictor (GPP) and the Residual Corrector (RC), as shown in Figure 5.
The GPP is responsible for predicting healthy gas path parameters, such as coolant bleed, while
the RC reduces the prediction error by correcting the residuals produced by the GPP. This approach
results in higher overall accuracy in subsystem predictions, and Figure 5 illustrates the subsystem

modelling framework within the gas turbine.
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Figure 5. The details of subsystem modelling in a gas turbine
The GPP is trained using sensor data collected from gas turbines, and its inputs and outputs are
based on the specific location of the subsystem within the overall turbine system. For subsystems
located at the start of the gas turbine, inputs include environmental conditions and operational
settings such as altitude and Mach number. Conversely, for subsystems located at intermediate
stages, the GPP uses predicted outputs from preceding subsystems as inputs, such as predicted
temperature or pressure values. For example, in the combustor subsystem, additional parameters
like fuel flow may be incorporated to more accurately depict the combustion process and its effects

on subsequent stages.

This modular training approach ensures that each subsystem’s GPP is tailored to the conditions
and data relevant to its position in the turbine system, thereby improving the model’s prediction
accuracy for each specific subsystem. By training each GPP in this way, we can simulate the

operational characteristics of each subsystem in a healthy turbine with greater precision.
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Once the GPP generates predictions for a subsystem, these predictions are compared to actual
sensor measurements from the turbine, and the difference between the predicted and measured
values is calculated as the residual. These residuals are then used as output for the training of the
RC model. The RC model’s inputs are identical to those used by the GPP, such as environmental
factors, working conditions, or the predicted outputs from preceding subsystems. After the RC

model is trained, it predicts residuals based on these inputs.

In the final step, the GPP’s predictions and the predicted residuals from the RC are combined to
form the final output of the subsystem model. This residual correction mechanism ensures that
minor errors in the GPP’s predictions are corrected, resulting in more accurate and reliable outputs

for each subsystem.

The steps involved in modelling each subsystem within the proposed reliability analysis method

can be summarized as follows:
Step 1: Establishment of XGBoost-based GPP

The first step in modelling the subsystem involves establishing the XGBoost-based Gas Path
Predictor (GPP). The inputs and outputs of the GPP model are defined according to the specific
structure and location of the subsystem within the gas turbine. For instance, if the GPP is associated
with a subsystem at the start of the turbine (such as the compressor), environmental conditions and
operational settings, such as altitude and throttle resolver angle (TRA), serve as inputs. These
inputs influence key operational parameters, including temperature and pressure, which are
defined as outputs. These outputs establish the mapping relationship between the subsystem’s

inputs and outputs, forming the foundation for predicting subsystem behaviour.
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To optimize the XGBoost model, we employ GridSearchCV, a widely used hyperparameter tuning
technique. GridSearchCV systematically searches through all possible combinations of
hyperparameters, such as the learning rate, number of estimators, and maximum depth of trees, to
find the most effective settings for the model. This optimization ensures that the GPP can make

the most accurate predictions possible based on the available data.

To evaluate the performance of the GPP, we use Mean Absolute Percentage Error (MAPE). MAPE
is particularly well-suited to this application because sensor measurement ranges can vary
significantly. By normalizing errors relative to actual sensor values, MAPE allows for a more
intuitive interpretation and comparison of prediction accuracy across different scales. This metric
is invaluable for ensuring that the GPP produces reliable predictions, regardless of the magnitude

of the sensor data being used.
Step 2: Construction of XGBoost-based RC

Once the GPP has been established, the next step is to construct the Residual Corrector (RC) model.
The RC is tasked with refining the predictions made by the GPP by correcting residuals—errors

that arise when comparing the GPP’s predictions to actual sensor measurements.

To train the RC, we use the same inputs as the GPP model (e.g., environmental conditions or
preceding subsystem outputs), along with the residuals from the GPP’s predictions. These residuals
are calculated as the difference between the GPP’s predicted outputs and the actual sensor

measurements.

Similar to the GPP model, the RC is optimized using GridSearchCV, and its performance is

evaluated using MAPE. This consistent approach ensures that both models are fine-tuned to
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minimize prediction errors and achieve the highest level of accuracy. The RC’s role in the
subsystem model is crucial, as it corrects the GPP’s prediction errors and improves the overall

reliability of the subsystem predictions.
Step 3: Generating a More Accurate Subsystem Qutput

The final step in modelling the subsystem is to combine the predictions from the GPP with the
predicted residuals from the RC. By adding the residuals to the GPP’s predictions, the model
effectively offsets the errors from the GPP and generates a more accurate output for the subsystem.
This combined output reflects a more precise representation of the subsystem’s behaviour under

healthy operating conditions.

To ensure that the model produces accurate predictions, we once again evaluate its performance
using MAPE. This continuous evaluation process helps to maintain high prediction accuracy,

ensuring that the subsystem model is reliable and robust.

This method of combining the GPP’s predictions with the RC’s residuals results in improved
prediction accuracy, and it forms the building block for the overall gas turbine model. By
modelling each subsystem in this way, we can ensure that the final model of the gas turbine

accurately represents the healthy operation of all subsystems.

Once all subsystems within a gas turbine have been modelled using this approach, they are
connected to construct the complete machine-learning model of a healthy gas turbine. Each
subsystem, represented by its own GPP and RC models, contributes to the overall prediction
accuracy of the gas turbine’s behaviour. This integrated model serves as the foundation for

performing reliability analysis and assessing the health of gas turbines.
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Finally, a case study demonstrating the application of this subsystem modelling approach and the
corresponding validation process is provided in Section 5.2.1. This case study highlights the
effectiveness of the proposed method in accurately predicting the health and performance of a gas

turbine under various operational settings and working conditions.
4.2 An Improved Cox Proportional Hazards Model

The improved Cox model plays a critical role in enhancing the accuracy of reliability analysis
within our proposed method. As discussed in Section 3.2, the Cox model consists of two key
components: the baseline hazard function and the exponential term that incorporates covariates.
While the mathematical framework of the traditional Cox model has been well established, our
approach introduces specific enhancements to better handle the complexities of gas turbine

reliability under varying operational conditions.

In this section, we provide a detailed explanation of the process used to construct the improved
Cox model. This process includes two major steps: the selection of the baseline hazard function
and the selection and estimation of covariates for the exponential term. The steps of the process

are outlined in the flowchart in Figure 6.
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Figure 6. Flow chart of establishing an improved Cox proportional hazards model

Step 1: Selection of the Baseline Hazard Function

The baseline hazard function represents the hazard rate for a turbine operating under baseline

conditions, without the influence of covariates. Selecting the appropriate baseline hazard function

is essential because it sets the foundation for accurate risk prediction.

To select the baseline hazard function, we employed run-to-failure data, which provides a complete
picture of turbine failures over time. Four commonly used failure distributions are considered for
fitting the data, including the Exponential, Weibull, Lognormal, and Loglogistic distributions. A
cumulative hazard plot method is employed for a graphical evaluation of the data, helping to

visually assess the appropriate distribution. This method is useful because it allows us to evaluate

how well the selected distribution fits the data by plotting cumulative hazards over time.
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We quantitatively evaluate the fit of each distribution using the R? criterion, which provides a
measure of how closely the chosen distribution matches the run-to-failure data. The distribution
with the highest R? score is selected as the baseline hazard function for the Cox model, ensuring

that the model accurately represents the time-to-failure characteristics of the gas turbine.

After selecting the best-fitting distribution, we further use the cumulative hazard plot method to
estimate the parameters of the baseline hazard function. In this step, a linear regression approach
is applied to the cumulative hazard plot. The slope and intercept of the linearized plot correspond
to the estimated parameters of the selected baseline distribution. This graphical method simplifies
the parameter estimation process by offering both a visual and quantitative evaluation of the

distribution's fit, ensuring an accurate baseline hazard function for the improved Cox model.

Step 2: Covariate Selection and Estimation for the Exponential Term

The second component of the Cox model involves the exponential term, which accounts for the
influence of covariates on the hazard rate. These covariates are derived from the differences in gas
path parameters between healthy and failure conditions while the gas turbine operates under the
same working conditions. The use of these calculated differences allows the model to capture
critical operational variables, such as environmental factors, that significantly impact turbine

reliability.

To select the covariates for inclusion in the exponential term, we employ the Wald statistical test.
This test is used to determine whether each covariate significantly affects the hazard rate. A 5%
significance threshold is applied in the selection process, meaning that covariates with a P-value

less than 0.05 and a Chi-Square value greater than 3.841 (with one degree of freedom) are
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considered significant and included in the model. By applying the Wald test, we ensure that only

covariates with a meaningful impact on failure risk are selected for the model.

To avoid overfitting while still accurately modelling the turbine’s reliability, we use the Akaike
Information Criterion (AIC) to evaluate and compare different Cox models. The AIC balances the
trade-off between model fit and complexity by penalizing models with an excessive number of
parameters. By minimizing the AIC, we can select the model that best fits the data while

maintaining an appropriate level of complexity.

Once the significant covariates are selected, the next step is to estimate their coefficients within
the exponential term. This is done using Maximum Likelihood Estimation (MLE), a method that
ensures the coefficients are statistically optimized for the given data. To improve the efficiency
and convergence speed of the coefficient estimation process, we employ the Newton-Raphson
procedure, which is particularly effective when handling large datasets, such as those used in gas

turbine reliability analysis.

Step 3: Combining the Baseline Hazard Function with the Exponential Term

Finally, the selected baseline hazard function is combined with the exponential term, which
includes the selected covariates, and their estimated coefficients based on the calculated dataset.
This results in the construction of the improved Cox model. The computational procedures to
obtain the Cox model were thoroughly discussed in Section 3.2. It provided a detailed breakdown
of the mathematical formulation of the Cox model, such as the hazard function. Building on the
foundations presented in Section 3.2, we now extend the model by integrating both the baseline
hazard function and the exponential term. The reliability function of the Cox model can be

expressed as follows:
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R(tI7) = Ro(t)*(Fabuy) (4.1)

where R, (t) represents the baseline reliability function, and R(t|X;) denotes the reliability
function of the improved Cox model. This function forms the basis for performing reliability
analysis, as it accounts for both baseline failure risks and the effects of covariates on those risks.
This combined model offers a powerful tool for predicting gas turbine reliability and dynamically

adjusting reliability assessments based on real-time operational data.

The construction of the improved Cox model and the validation for the proposed reliability

analysis method are further detailed in Section 5.2.2.
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5 Validations Using NASA C-MAPSS Data

This section provides validation of the proposed method using the NASA Commercial Modular
Aero-Propulsion System Simulation (C-MAPSS) dataset, which is widely recognized for its
comprehensive representation of gas turbine degradation under varying operational conditions.
The C-MAPSS dataset allows us to rigorously evaluate the performance of the proposed machine-
learning model and the improved Cox model, ensuring that they can accurately predict gas turbine

reliability and degradation patterns.

Section 5.1 provides a brief overview of the C-MAPSS dataset, detailing the operational settings
and gas path parameters available. Subsequently, Section 5.2 presents the implementation of the
proposed method using the C-MAPSS data, including the process of modelling a gas turbine
following the procedures outlined in Section 4, and the construction and validation of the improved

Cox model.
5.1 Description of the Data

In this study, the NASA C-MAPSS degradation dataset is employed to model and validate the
proposed reliability analysis method. The dataset consists of simulated degradation data for
commercial aero engines under a variety of environmental and operational conditions, providing

an ideal testbed for assessing the accuracy of our models.
The dataset includes three key operational settings:
1. Altitude — representing the operational altitude of the gas turbine.

2. Mach Number — indicating the turbine's speed relative to the speed of sound.

63



3. Throttle Resolver Angle (TRA) — reflecting the level of throttle input during operation.

In addition to the operational settings, the C-MAPSS dataset provides twenty-one sensor
measurements related to gas turbine performance, such as temperature, pressure, and other gas
path parameters. These sensor readings offer a detailed picture of the turbine's behaviour under
various operational conditions and are crucial for both training the machine-learning models and

validating the performance of the proposed reliability analysis method.

Table 1 presents the list of twenty-one sensor measurements and provides brief descriptions of
each parameter, ensuring clarity in understanding the variables involved in modelling gas turbine

degradation.

Table 1. Description of sensor measurements in C-MAPSS data [40]

Brief description Sensor measurement
Temperature at inlet of the fan T,
Temperature at outlet of the LPC Ty4
Temperature at outlet of the HPC T30
Temperature at outlet of the LPT Tso
Pressure at inlet of the fan P,
Total pressure across bypass section P
Total pressure at outlet of the HPC Ps,
Fan speed - physical Ny
Core speed - physical N,
Pressure ratio of the engine (P50/P2) Epr
Static pressure at outlet of the HPC Ps3q
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Ratio of fuel flow to static pressure at outlet of the HPC Phi
Fan speed - corrected NR;
Core speed - corrected NR,
Bypass Ratio BPR
Fuel-air ratio of burner farB

Bleed Enthalpy htBleed

Fan speed - demanded N fama

Corrected fan speed - demanded PCNfRgma

Coolant bleed at HPT Wi,
Coolant bleed at LPT Wi,

The C-MAPSS data includes FD001, FD002, FD003 and FDO004 subsets. Each subset has a
training set, a test set, and a RUL set. All the training sets consist of multiple engines operating
from healthy conditions to system failure. However, in the testing dataset, the acquisition of
operational conditions and sensor measurements right censored before a failure occurs. The
corresponding RULs of each gas turbine in the testing dataset are provided for the validation of

the proposed approach.

FDO0O0O1 and FDO0O02 include one failure mode, HPC degradation. FD003 and FD004 include two
failure modes, HPC degradation and fan degradation, which show a more complex scenario. This
study is limited to one failure mode. Therefore, FD001 and FD002 were selected for this research.
Table 2 describes the FD0OO1 and FD002 subsets, including the number of gas turbines in each

subset's training, testing and RUL set, failure modes and flight conditions.

Table 2. Summary of FD001 and FD002 subsets
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Name of Division Number of . . ..
dataset of dataset | gas turbines Failure mode Flight condition(s)
Train 100
FDOO1 Test 100 One set of Altitude, TRA and
Mach number
RUL 100
HPC Degradation
Train 260
£D00?2 Test 259 Six sets of Altitude, TRA
and Mach number
RUL 259

As shown in Table 2, the FD0OO1 subset consists of data from gas turbines operating under a single
flight condition, while the FD002 subset contains data from gas turbines operating under six
different flight conditions. These subsets offer varying levels of complexity, with FD002 providing

a more comprehensive dataset due to the additional flight conditions.

The primary objective of this research is to validate the performance of the proposed reliability
analysis method across different working conditions. Therefore, the entire FD002 subset is
employed to build the healthy gas turbine model and validate the method under multiple
operational scenarios. FD0O02 is particularly suitable for this purpose because it includes one failure
mode (HPC degradation) and spans six flight conditions, thus enabling a robust assessment of how

the proposed method adapts to different environmental and operational settings.

In addition to the FD002 subset, five gas turbines are randomly selected from the test set of the
FDO0O1 subset to further evaluate the performance of the proposed method. These additional test
cases serve as a means of validating the method’s adaptability and generalization capabilities, as

FDOO01 operates under a different flight condition from FD002. By incorporating gas turbines from
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both subsets, this study ensures that the proposed method is thoroughly tested under a variety of

operational conditions, making the findings more robust and comprehensive.
5.2 Implementations of the Proposed Method and Validations

5.2.1 Gas Turbine Modelling and Validation

To construct an accurate model of the gas turbine, the system is first divided into two subsystems
based on the cold and hot regions of the turbine. This division is consistent with the physical
structure and operational characteristics of gas turbines and allows for more detailed and precise
modelling of the turbine’s behaviour. The rationale behind this division is based on the distinct
roles that these regions play in the overall functioning of the turbine. The layout of the simulation
gas turbine model, showing the various components and their connections based on the NASA

data, is illustrated in Figure 7 [40].
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Figure 7. The layout of the simulation model with various components connected
Subsystem 1 represents the cold area of the turbine, which primarily involves the intake and initial
compression of air. The key components of this subsystem include the inlet, fan, splitter, low-

pressure compressor (LPC), and high-pressure compressor (HPC). These components work
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together to intake air, manage its initial compression, and direct it through the appropriate flow
paths (either bypass or into the core compressor). The air processed in this subsystem is then sent

to the next stage of the system for further compression and combustion preparation.

Subsystem 2 represents the hot area of the turbine, which is where fuel combustion and power
generation occur. The key components of this subsystem include the burner, high-pressure turbine
(HPT), and low-pressure turbine (LPT). After the air has been compressed by the HPC, fuel is
injected, and combustion takes place in the burner. The resulting high-energy gases are used to
drive both the HPT and LPT, which contribute to power generation and thrust. The core nozzle

and bypass nozzle handle the expulsion of exhaust gases.

In addition to these structural divisions, the model incorporates three operational conditions and
twenty-one sensor measurements from the C-MAPSS dataset, which are essential for capturing the
turbine's behaviour under different working scenarios. The three operational conditions—altitude,
Mach number, and throttle resolver angle (TRA)—define the environmental and operational
settings under which the turbine operates. The sensor measurements, which include parameters
such as temperature and pressure across various parts of the turbine, provide real-time data for

evaluating the turbine’s performance.

These operational conditions and sensor measurements are applied to both subsystems, allowing
the model to simulate the entire gas turbine system under different operational scenarios. This two-
subsystem structure, as illustrated in Figure 8, ensures that each part of the turbine is modelled
with appropriate granularity, reflecting its unique operational characteristics. The division also
facilitates more accurate predictions of turbine behaviour, as the cold and hot areas can be

modelled and analyzed separately before integrating them into the overall turbine model.
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Figure 8. Gas turbine system modelling using the C-MAPSS dataset.

Altitude, Mach number, and throttle resolver angle (TRA) serve as the operational inputs for

Subsystem 1. Additionally, sensor measurements such as T, (the temperature at the inlet), P,(the

pressure at the inlet), N fy,,4 (fan speed demand), and PCNfR;,,4 (fan speed ratio demand) are

incorporated as further inputs. These inputs collectively represent the environmental and

operational settings under which Subsystem 1 functions, ensuring the model accurately captures

the conditions affecting the intake and compression processes.

For Subsystem 2, the key outputs include T5, (the temperature at the high-pressure turbine outlet)

and Ps (the pressure at the high-pressure turbine outlet). Importantly, Ps, is generated using the

engine pressure ratio (Epr) and P, before the model training stage. These outputs are critical as

they reflect the conditions under which combustion and power generation occur within the hot area

of the turbine.
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To model the fuel flow within Subsystem 2, phi (the air-to-fuel ratio) and Ps;, (the pressure at the
high-pressure compressor outlet) are used. These parameters are essential for calculating fuel flow,
which is incorporated as an additional input for Subsystem 2 to account for the fuel-air mixture in
the burner and its impact on the combustion process. The inclusion of fuel flow as an input allows

for a more accurate representation of the energy conversion process in the burner.

Apart from the operational conditions and key sensor measurements described, the remaining
sensor measurements are used as outputs for Subsystem 1. The outputs for Subsystem 1 include
important sensor readings such as T3 (the temperature at the high-pressure compressor outlet),

P, (the pressure at the high-pressure compressor outlet), Ny (fan speed), NRy (corrected fan

speed), N, (core speed), NR, (corrected core speed), htBleed (bleed flow), W5, (mass flow at the
high-pressure compressor exit), and W5, (mass flow at the high-pressure turbine inlet). These
measurements capture the turbine’s performance in the cold area and provide the necessary inputs

for Subsystem 2.

The inputs for Subsystem 2 include T3¢, P39, Nf, NRf¢, N., NR., htBleed, W3,, and W3,. These
parameters represent the operational state of the turbine as it transitions from the cold to the hot
area, and they are identified as informative sensor measurements based on previous studies
[29][30]. By selecting these inputs, Subsystem 2 is equipped with the necessary data to model the

combustion and energy generation processes with higher accuracy.

Once the inputs and outputs for both subsystems are defined and configured based on the NASA
C-MAPSS data, Subsystem 1 and Subsystem 2 are connected to form a complete healthy gas
turbine model. This integrated model allows for an accurate simulation of gas turbine performance,

capturing both the cold and hot areas of the turbine and enabling detailed reliability analysis.
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The performance of the two subsystem models is validated using the healthy gas turbine model
created with the NASA C-MAPSS dataset. To evaluate the accuracy of each subsystem model, we
compare their performance to that of the corresponding Gas Path Predictor (GPP) model, using
the Mean Absolute Percentage Error (MAPE) as the evaluation metric. As outlined in Section 4.1,
the GPP is the primary machine-learning model developed to predict the healthy gas path
parameters for each subsystem. However, while the GPP is capable of generating initial predictions,
it may not capture all the subtle patterns and complexities present in the data, resulting in prediction

CITorS.

To address these potential inaccuracies, the proposed subsystem model incorporates a residual
correction mechanism aimed at enhancing the GPP’s predictions by correcting the residual errors.
This correction process improves the overall accuracy of the predictive performance for each

subsystem model, ensuring that the final outputs are more reliable.

The MAPE of the proposed Subsystem Model 1's outputs is 0.18630%, while the MAPE of the
corresponding GPP’s predictions is 0.19565%. This indicates that Subsystem Model 1 achieves a
4.78% 1improvement in MAPE over the GPP. Although this improvement is modest, it
demonstrates the residual correction mechanism's effectiveness in fine-tuning the predictions for

the cold area of the gas turbine.

In contrast, the MAPE of the proposed Subsystem Model 2’s outputs is 0.17336%, whereas the
MAPE ofits corresponding GPP's predictions is significantly higher at 0.37938%. This represents
a substantial 54.3% performance improvement in MAPE over the GPP for Subsystem 2. The

marked difference in performance between Subsystem Model 1 and Subsystem Model 2 highlights
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the effectiveness of the residual correction mechanism, particularly in the hot area of the turbine

where more complex and dynamic processes occur, such as fuel combustion and power generation.

Table 3 summarizes these findings, clearly showing that the proposed subsystem models
consistently outperform their GPP counterparts. The performance enhancement is especially
pronounced in subsystems that are located at intermediate or final positions within the gas turbine,
as these subsystems are more susceptible to accumulated prediction errors due to the complexity

of the processes involved.

Table 3. Validation of the modelled healthy gas turbine using FD002 subset

Evaluation The proposed Performance

Subset ~ Subsystem metrics GPP subsystem model improvement
FDO002 1 MAPE 0.19565% 0.1863% 4.78%
2 MAPE 0.37938% 0.17336% 54.3%

The significant improvement in Subsystem Model 2’s performance over Subsystem Model 1 can
be attributed to the cumulative effect of the residual correction mechanism. In this modelling
approach, the residual-corrected output from Subsystem Model 1 is used as an input for Subsystem
Model 2. As a result, the error correction introduced by Subsystem Model 2 further refines the
prediction performance in downstream subsystems, amplifying the benefits of the correction
mechanism. This cascading improvement in accuracy explains why the hot area of the gas turbine,
represented by Subsystem 2, sees a more dramatic performance boost compared to the cold area,

represented by Subsystem 1.

By applying the residual correction mechanism and validating the models using MAPE metrics,

we have demonstrated that the proposed subsystem models are not only more accurate but also
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better equipped to handle the complexities of gas turbine operations, particularly in areas involving

fuel combustion and power generation.
5.2.2 Construction of an Improved Cox Proportional Hazards Model

This section describes the construction of an improved Cox model using the FD002 subset of the
NASA C-MAPSS dataset. The process includes selecting an appropriate baseline hazard function
and generating covariates for the exponential term in the model. By optimizing these elements, the
Cox model becomes more flexible and better suited to handle the complexity of gas turbine

reliability data under varying operational settings and working conditions.
5.2.2.1 Selection of the Baseline Hazard Function

The first step in constructing the Cox model is to select the baseline hazard function, which
represents the hazard rate for a turbine operating under baseline conditions, assuming all covariates
are at their reference or zero values. In this study, the baseline hazard function is chosen based on
a visual assessment using the cumulative hazard plot method and the R? score for various failure
distributions. This approach ensures that the selected distribution accurately reflects the time-to-
failure data from the FD002 subset, which includes gas turbines operating under multiple flight

conditions.

As illustrated in Figure 9, Figure 10, Figure 11 and Figure 12, the cumulative hazard plot method
is applied to four commonly used failure distributions: the Exponential, Weibull, Lognormal, and
Log-logistic distributions. By fitting these distributions to the run-to-failure data, we can determine
how well each one captures the inherent failure patterns. The R? score for each distribution is

calculated to quantitatively assess the fit:
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e Log-logistic distribution: R*=0.978
e Weibull distribution: R? = 0.891

e Lognormal distribution: R = (0.888
e Exponential distribution: R* = 0.958

Among these distributions, the Log-logistic distribution achieves the highest R? score of 0.978,
significantly outperforming the other distributions. Therefore, the Log-logistic distribution is
selected as the baseline hazard function for this study. Its superior fit indicates that the Log-logistic
distribution effectively captures the characteristics of the failure data, making it an ideal choice for

hazard function estimation in the Cox model.

Log-logistic Distribution
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Figure 9. Visualization and selection of commonly used failure distributions (a) Log-logistic

distribution
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Weibull Distribution
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Figure 10. Visualization and selection of commonly used failure distributions (b) Weibull

distribution
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Figure 11. Visualization and selection of commonly used failure distributions (¢) Lognormal

distribution.
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Figure 12. Visualization and selection of commonly used failure distributions (d) Exponential
distribution
Once the Log-logistic distribution is selected, the next step is to determine its parameters. These
parameters are calculated by linearizing the cumulative hazard plot, which allows for the
application of a linear regression approach. The shape parameter of the selected Log-logistic
distribution is found to be 8.1152, while the scale parameter is 201.3504. These parameters
correspond to the slope coefficient and intercept of the linear function, respectively. By capturing
the appropriate slope and scale of the failure data, the Log-logistic distribution provides a robust

baseline for the Cox model.

In summary, the selection of the Log-logistic distribution as the baseline hazard function ensures
that the model is well-calibrated to the underlying failure data from the FD002 subset. This choice

is supported by the high R? score and the precise determination of the shape and scale parameters,
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which collectively contribute to a more accurate and reliable hazard function for the improved Cox

model.
5.2.2.2 Selection of the Covariates

As discussed in Section 4.2, the selection of covariates is a critical step in building the Cox model.
In this study, the calculated dataset representing the differences between healthy and failure
conditions for all available gas path parameters in the FD002 training set is used for covariate
selection. These gas path parameters reflect various operational states of the gas turbine and

provide insight into how specific variables contribute to the hazard rate of failure.

The covariate selection process involves individually adding each gas path parameter to the Cox
model to evaluate its significance in predicting turbine failure. This evaluation is performed using
the Wald statistical test, which assesses the impact of each covariate on the hazard rate. Covariates
that meet the statistical significance threshold (P-value < 0.05) are selected for inclusion in the
model, ensuring that only relevant and meaningful parameters are incorporated into the final

hazard function.

While both the proposed Cox model and the traditional Cox model follow the same covariate
selection process, their results differ due to the nature of the datasets used. The traditional Cox
model directly uses sensor measurements as covariates, whereas the proposed model relies on the
calculated dataset of differences between healthy and failure conditions. This differentiation allows
the proposed method to more effectively isolate the impact of degradation while minimizing

interference from normal operational fluctuations.
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Table 4 presents a comparative analysis of the covariates selected by the improved Cox model and
the traditional Cox method, both of which are based on the FD002 dataset. The proposed method
ranks the covariates N, (core speed) and NR. (corrected core speed) as the most significant,
placing them first and second, respectively. These parameters are closely associated with the core’s
rotational speed and reflect key aspects of turbine performance that can indicate early signs of

failure.

In contrast, the traditional Cox method selects NR. and NR; (corrected fan speed) for the same
ranks, highlighting the differences in covariate selection between the two approaches. While NR,.
is identified as significant in both models, the traditional method places greater emphasis on fan
speed-related measurements, whereas the proposed method focuses more on core-related

parameters.

Table 4. Covariates selection based on FD002 subset

Covariates selection AlC Chi-Square (Wald) P-Value (Wald)
Rank Proposed Cox Proposed Cox Proposed Cox Proposed Cox
method | traditional | method | traditional | method | traditional | method | traditional
1 N, NR, 2361.571 | 2367.574 | 21.6572 | 20.1375 <.0001 <.0001
2 NR, NR¢ 2366.356 | 2378.797 | 17.2484 7.2425 <.0001 0.0071

For both ranks, the proposed method using the calculated dataset demonstrates better performance
for the selected covariates compared to the traditional Cox model. This performance is evaluated
through several key metrics, including the Akaike Information Criterion (AIC), Chi-Square (Wald)
test and P - Value, all of which provide insights into the model’s fit and the statistical significance

of the selected covariates.
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In the first rank, the proposed method achieves a lower AIC value of 2361.571, compared to
2367.574 for the traditional Cox method. A lower AIC value indicates that the proposed model
offers a better balance between goodness of fit and model complexity, suggesting that the selected
covariates improve the model's ability to predict failure rates. The Chi-Square (Wald) value for the
proposed method is 21.6572, which is higher than the 20.1375 obtained by the traditional Cox
method. This higher value reflects a stronger contribution of the covariate N, (core speed) to the
model's prediction of the hazard rate. Both methods return highly significant p-values of <0.0001,

further reinforcing the statistical significance of the selected covariates in this rank.

In the second rank, the proposed method also outperforms the traditional Cox model by achieving
an AIC value of 2366.356, which is lower than the 2378.797 reported by the traditional method.
The Chi-Square (Wald) value for the proposed method is 17.2484, significantly higher than the
7.2425 obtained by the traditional Cox method. This suggests that the covariate NR,. (corrected
core speed) plays a much more substantial role in hazard prediction when using the proposed
method. The P-values for the proposed and traditional methods are <0.0001 and 0.0071,
respectively, indicating a much stronger statistical significance for the proposed method in the

second rank.

These comparative results indicate that by using the calculated dataset, the proposed Cox model is
able to select covariates that contribute more effectively to the model’s predictive power. The use
of differences between healthy and failure conditions as covariates allows the proposed model to
capture the effects of degradation with greater accuracy, while the traditional method, relying on

raw sensor data, may not fully account for these nuances. This is reflected in the consistently lower
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AIC values and higher Chi-Square (Wald) values observed for the proposed method across both

ranks.

The magnitude of the coefficients of the selected covariates further illustrates the effectiveness of
the improved Cox model. In the context of the Cox model, the absolute value of a coefficient
represents the strength of the covariate's impact on failure time. A larger absolute value indicates
that the covariate has a more substantial effect on the risk of failure, meaning changes in this

covariate will significantly alter the likelihood of failure occurring.

For the improved Cox model, the coefficient for N, (core speed) is -5.40102, and for NR,
(corrected core speed), it is 3.44370. These values indicate that a decrease in N, strongly decreases
the risk of failure, while an increase NR_. significantly increases the risk of failure. The magnitudes
of these coefficients reflect the important roles that core speed and corrected core speed play in

predicting gas turbine failures under varying working conditions.

In comparison, the coefficients in the traditional Cox model are -2.36273 for NR. and 0.83335 for
NRy (corrected fan speed). The lower absolute values of these coefficients suggest that, in the
traditional model, the selected covariates exert a weaker influence on the failure prediction
compared to the covariates selected by the improved method. This difference in coefficient
magnitude highlights the improved model’s ability to identify covariates that have a stronger and

more meaningful association with the hazard rate.

The improved Cox model consistently demonstrates better performance in selecting covariates, as
evidenced by its lower AIC values, higher Chi-Square (Wald) values, and significant p-values.

These results reflect the model's enhanced capacity to fit the data more accurately and to select
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covariates that exhibit higher statistical significance. The stronger relationships between the
selected covariates and the risk of failure, as indicated by the larger coefficient magnitudes,
emphasize the improved model's effectiveness in identifying key factors that drive gas turbine

reliability.
5.2.2.3 Validation of the Proposed Reliability Analysis Method

This section focuses on validating the performance of the proposed reliability analysis method by
comparing its results with those of the traditional Cox model. The comparison is made by
analyzing the reliability curves generated from each method. These curves visually represent the
reliability of a gas turbine over time, based on the respective model's predictions. By comparing

the curves, we can directly observe how each method performs in predicting gas turbine failures.

Figure 13 presents an example of two reliability curves for Turbine No. 250, operating at cycle 50.
The curves illustrate the predicted reliability of the turbine as it progresses toward failure, offering
a direct comparison between the proposed method (using the differences) and the traditional Cox

model (using raw sensor measurements).
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Reliability Curves of the Proposed Method vs the Traditional Cox Model
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Figure 13. Turbine 250 reliability curves updated using its operational data at cycle 50
In Figure 13, the red curve represents the proposed method, while the blue curve represents the
traditional Cox model. The vertical dashed orange line intersects the x-axis at cycle 257, which
corresponds to the actual failure cycle of the gas turbine. This line serves as a reference point for
evaluating the accuracy of each method, as the goal of a reliability model is to predict the failure

time as closely as possible.

The intersections of the dashed line with the two reliability curves indicate the predicted reliability
values at the turbine’s failure time. Since the theoretical reliability value at failure is 0, the
predicted reliability values can be compared to assess the accuracy of each approach. A smaller
predicted reliability value at the failure time indicates that the corresponding reliability analysis

method provides a more accurate prediction of the turbine’s failure.
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Atcycle 50, the predicted reliability value at the failure time based on the proposed method is 0.12,
which is lower than the 0.24 predicted by the traditional Cox model. This lower reliability value
suggests that the proposed method more accurately anticipates the turbine's failure at cycle 257,
compared to the traditional Cox model. In other words, the proposed method’s reliability curve
more closely aligns with the actual failure event, providing a stronger prediction of when the failure

will occur.

This comparison highlights the superiority of the proposed method at cycle 50, as it delivers a
more precise estimate of the gas turbine's reliability as it approaches failure. The ability to predict
a lower reliability value at the failure time demonstrates that the proposed method better captures
the turbine’s degradation patterns, leading to more reliable failure predictions. As a result, the

proposed method outperforms the traditional Cox model for this specific turbine.

To further evaluate the general performance of the proposed method, Table 5 summarizes the
performance metrics for five gas turbines (out of 259) using both the proposed method and the
traditional Cox model. These performance metrics provide a broader comparison across multiple
turbines, enabling us to assess the robustness and consistency of the proposed reliability analysis

approach.

Table 5. Performance metrics of the proposed reliability analysis method for five gas turbines in the

FDO002 subset

The proposed method
. Cycles
Turbine Failure
Subset (censor RUL cvele Number  Percentage
No. time) Y of better of better
outcomes outcomes
FD002 44 164 6 170 160 97.56%
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63 174 39 213 171 98.28%

175 83 142 225 81 97.59%
189 178 43 221 174 97.75%
244 49 181 230 48 97.96%

For instance, in the case of gas turbine No. 44, the turbine was censored at cycle 164, meaning the
data was cut off at this point, and the RUL was determined to be 6 cycles. This RUL indicates that
the true failure cycle for the turbine is cycle 170. To evaluate the performance of the proposed
method, a comparison was conducted for each of the 164 cycles between the two approaches. The
results reveal that the proposed method achieves 160 better outcomes out of the 164 cycles,
representing an impressive 97.56% accuracy. In contrast, the traditional Cox model only achieved
4 better outcomes (2.44%), and these outcomes were randomly distributed, indicating weaker

performance.

Similarly, for gas turbine No. 63, a similar performance comparison was conducted. The proposed
method demonstrated 171 better outcomes, achieving an accuracy of 98.28%. The traditional Cox
model, on the other hand, only provided 3 better outcomes, representing a low accuracy rate of
1.72%. These results once again reinforce the superior performance of the proposed method in
accurately predicting the reliability and failure time of the turbine compared to the traditional

model.

These case-specific comparisons highlight the effectiveness of the proposed method in gas turbine
reliability analysis. Across all five gas turbines evaluated, the proposed method consistently

demonstrated a higher percentage of better outcomes compared to the traditional Cox model. This
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consistency suggests that the proposed method is more adept at capturing the degradation patterns

of gas turbines, leading to more reliable predictions of failure times.

To further evaluate the generalizability of the proposed method, additional validations were
performed across all 259 gas turbines in the FD0O02 test set. The performance comparison was
extended to all cycles of these turbines, allowing for a comprehensive assessment of the method's
predictive capabilities. The results showed that the percentage of better outcomes using the
proposed method remained consistently higher across all turbines at their respective failure times.
This indicates that the proposed method outperforms the traditional Cox model across the entire
dataset, demonstrating its robustness in predicting gas turbine reliability under multiple flight

conditions.

These findings confirm the effectiveness of the proposed method in reliability analysis, especially
under varying environmental and operational conditions. By using the differences between healthy
and failure conditions as covariates, the proposed method captures the turbine's degradation more
accurately, allowing for more reliable failure predictions. This improved performance over the
traditional Cox model highlights the proposed method’s value as a more accurate and

comprehensive tool for gas turbine reliability analysis.

Table 6 presents a performance comparison between the proposed reliability analysis method and
the traditional Cox model, focusing on the five turbines randomly selected from the FD0OO1 subset,
as discussed in Section 5.1. These turbines were chosen to evaluate the generalizability of the
proposed method beyond the FD002 subset, ensuring its effectiveness under different flight

conditions and operational settings.
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The table shows that the reliability values at failure time using the proposed method are
consistently smaller than those obtained with the traditional Cox model across all cycles. This
consistent trend indicates that the proposed method outperforms the traditional approach in all

cases, providing a more accurate prediction of the failure time for each turbine.

In particular, the proposed method's ability to generate smaller reliability values at failure time
demonstrates its improved accuracy in anticipating gas turbine failure. A smaller reliability value
indicates a closer alignment with the actual failure event, making the proposed method more

reliable for practical applications in gas turbine maintenance and reliability assessment.

These results also demonstrate that the proposed reliability analysis method is equally effective
for the FDOO1 subset, despite the different flight conditions and operational settings compared to
the FD002 subset. The ability of the proposed method to consistently outperform the traditional

Cox model in both subsets highlights its robustness and generalizability across varying datasets.

The performance of the proposed method across these five turbines highlights its potential to
provide more precise failure predictions, leading to better maintenance planning and operational
decision-making. By applying this method, operators can more effectively predict when a gas
turbine is likely to fail, allowing for proactive maintenance actions that could reduce downtime

and improve overall system reliability.

Table 6. Performance metrics of the proposed method for 5 selected gas turbines in the FD0OO1 subset

The proposed method

Subset Turbine Cycles RUL Failure Number  Percentage

No. cycle of better of better
outcomes  outcomes
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92 150 20 170 150 100%

49 303 21 324 303 100%
FDO01 26 76 119 195 76 100%
72 131 50 181 131 100%
81 213 8 221 213 100%

The validations conducted on the C-MAPSS dataset clearly demonstrate the robustness of the
proposed reliability analysis method in handling gas turbine performance under various working
conditions. By comparing the proposed method to the traditional Cox model across different
datasets (FDOO1 and FDO002), it is evident that the proposed method consistently delivers better

outcomes in predicting turbine reliability and failure times.

The superior performance of the proposed method is particularly notable in its ability to capture
the degradation patterns more accurately, resulting in lower predicted reliability values at failure
time. This improvement in predictive accuracy translates into better maintenance planning and
more reliable operational decision-making, as it allows operators to address potential failures

before they occur.

Moreover, the proposed method demonstrates an enhanced ability to manage the complexities of
multiple flight conditions, as evidenced by its consistent outperformance of the traditional Cox
model across all 259 gas turbines in the FD002 test set. These findings highlight the proposed
method's ability to generalize across different working scenarios, providing a more accurate and

flexible tool for gas turbine reliability analysis.
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In summary, the proposed reliability analysis method significantly enhances the overall accuracy
of failure predictions, offering a robust and reliable approach for gas turbine performance

monitoring compared to the traditional Cox model.
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6 Conclusion

This paper presents a novel reliability analysis method for aviation gas turbines, enhancing the
traditional Cox model by incorporating new covariates developed through machine learning. By
addressing the limitations of previous studies that used the Cox model for gas turbine reliability
analysis, the proposed method offers a more accurate and resilient approach. Specifically, the
proposed method better reflects turbine degradation patterns and is less affected by the variability
introduced by different operational and environmental conditions. This improvement allows for a
more precise evaluation of gas turbine reliability, ensuring that failure predictions are more

accurate and actionable.

The proposed method provides two significant contributions to the field of gas turbine reliability
analysis. First, a machine learning model is developed to represent a healthy gas turbine, given
inputs related to environmental and operational conditions. By simulating the expected behaviour
of a healthy turbine, this model serves as a baseline for generating new covariates. These covariates
are derived by calculating the differences between the healthy simulations and real-time sensor
measurements from gas turbines, which reflect their actual operational state. This approach allows
the model to capture early indicators of degradation that traditional sensor-based methods may

overlook.

Second, an improved Cox model is constructed, designed to better analyze the reliability of gas
turbines by utilizing a selected baseline hazard function from four commonly used failure
distributions. This selection is based on run-to-failure data, ensuring that the chosen distribution

aligns with the actual failure characteristics of the turbine. Additionally, the model incorporates a
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calculated dataset, derived from the differences between healthy and failure conditions, to select
covariates and estimate the corresponding coefficients. This process allows the improved Cox
model to accommodate new covariates and dynamically adjust to changing operational settings,

providing more accurate predictions of failure times.

The proposed method was validated on a dataset of 264 gas turbines, and the results demonstrate
its superior accuracy in predicting turbine failures when compared to the traditional Cox model.
By consistently outperforming the traditional approach across multiple validation scenarios, the
proposed method shows strong potential for use in real-world applications. The findings indicate
that this method can accurately assess gas turbine reliability, even under varying environmental
conditions and operational settings. This advancement represents a significant step forward in
condition-based monitoring and reliability analysis of gas turbines, with the added benefit of

reduced sensitivity to environmental and operational variability.

Looking ahead, future research will focus on expanding the method's applicability to include
multiple failure modes. By developing and validating a model capable of analyzing a wider range
of failure scenarios, the reliability assessment of gas turbines can be further improved. This
continued development will enable more comprehensive monitoring and predictive maintenance
strategies, ultimately leading to enhanced operational efficiency and reduced downtime for
aviation gas turbines. Additionally, future work could explore the integration of sequential
modeling techniques, such as Long Short-Term Memory (LSTM) networks, to better capture
degradation trends across flight cycles. While the current approach derives covariates based on
deviations from a healthy baseline, LSTM-based models could enhance the method’s ability to

learn temporal dependencies in sensor data, particularly when failure progression exhibits gradual,
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long-term trends. Given that the NASA C-MAPSS dataset does not include an explicit time
variable, flight cycles could serve as a sequential index, allowing the model to capture evolving
failure characteristics over time. This extension could lead to a more dynamic and adaptive
reliability assessment framework, further improving the accuracy of failure time predictions,

especially under varying operational conditions.
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