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Abstract

Remaining useful life (RUL) prediction is a key component of predictive maintenance
(PdM) systems, where data-driven models are used to identify degradation patterns and
predict impending equipment failure. Despite the advances of Industry 4.0 and the in-
creased availability of sensor data, limited labelled degradation data remains a challenge
in PAM. However, limited research has systematically assessed how different machine
learning models perform as labelled target data become increasingly scarce. Moreover,
when practitioners have access to only a limited amount of labelled target data, related
source-domain datasets can be used. However, the domain shift between source and
target datasets can affect model performance. This study therefore evaluates classical
regression, tree-based, and neural-network-based models under varying data-availability
constraints. Feature selection and hybrid feature extraction architectures are also investi-
gated to determine their effect on model performance (across the varying data availability
constraints). In addition, three supervised fine-tuning strategies, namely full fine-tuning,
layer freezing, and progressive unfreezing, are evaluated for scenarios where source-domain
data are available. For the case where no labelled target data are available, adversarial
domain adaptation is implemented using a domain adversarial neural network (DANN).
The experiments are conducted using the Commercial Modular Aero-Propulsion System
Simulation (C-MAPSS) datasets, with FD001 used as the target dataset and FD002 and

FDO003 used as source-domain datasets.

The results show that, within the investigated C-MAPSS datasets and experimental de-
sign, no single modelling strategy performed best across all data-availability scenarios.
Neural-network-based models generally performed best when sufficient labelled target
data were available. Among the evaluated neural-network-based models, the Transformer
showed the greatest robustness as target training data became scarce. Under extreme
training-data scarcity, the evaluated linear and tree-based models became increasingly
competitive and outperformed the neural-network-based models. Furthermore, feature
selection was found to mainly improve computational efficiency, particularly reducing the
recurrent models’ training time by approximately 87% to 97%, although its effect on pre-
dictive accuracy varied across the evaluated models. The proposed AUC-RMSE metric

further showed that conclusions based solely on aggregate RMSE can differ from those ob-
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tained when prediction performance is evaluated across different stages of the equipment

lifecycle.

For transfer learning, the supervised fine-tuning techniques were most advantageous in
the lower-data scenarios, while negative transfer was observed under some higher-data
conditions. The greatest benefits were observed for the more similar of the investigated
source-target domains, where all three fine-tuning strategies achieved RMSE improvements
of more than 50% over the supervised target-only baseline in the data-scarce scenarios.
When labelled target data were unavailable, source-only transfer remained competitive in
the smaller domain-shift setting, whereas DANN provided greater benefit in the larger
of the investigated domain-shift settings. In this setting, DANN improved RMSE over
the source-only baseline by more than 27% across all evaluated data ranges, with the
highest improvement of 38% observed under extreme scarcity. Under very low and ex-
treme labelled target-data settings, source-only and DANN-based transfer models also
became competitive with, and in some cases outperformed, the supervised GRU baseline.
These findings demonstrate predictive improvements within the investigated C-MAPSS
benchmark scenarios. Future work should evaluate the investigated models on additional
datasets to assess the generalisability of the findings. Moreover, the evaluation on real-

world industrial degradation data could further assess their practical applicability.

Keywords: Remaining useful life prediction; Predictive Maintenance; Machine Learning;

Transfer Learning; Domain Adaptation; Data Scarcity;
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Chapter 1

Introduction

1.1 Background

With advances in science and technology, the maintenance of modern complex industrial
equipment becomes a growing challenge. Under the combined impact of internal and ex-
ternal factors, the condition of these complex systems inevitably tends to deteriorate (Pei,
2019). Subsequently, the requirement to closely monitor the health of these industrial
equipment plays a vital role in maintenance. Equipment failure can lead to unplanned
downtime and costly replacement, leading to reduced operational efficiency and profitabil-
ity (Ojeda et al., 2025).

Maintenance of equipment has been prevalent for thousands of years. According to Poor
(2019), there are records of maintenance documents that date back to 600 BC in ancient
Egypt. Furthermore, before the industrial revolution maintenance was mainly approached
reactively (Podr, 2019). This approach, referred to as “corrective maintenance” (CM),
involves the repair of the equipment only after significant faults or breakdowns have oc-
curred. The goal of this maintenance strategy is to minimise the cost of maintaining the
equipment while maximising the time between maintenance actions (Moleda et al., 2023).
However, corrective maintenance can cause equipment damage and unavailability leading
to unexpected costs (Moleda et al., 2023).

Preventive maintenance addresses this challenge directly by avoiding failures through pe-
riodic maintenance schedules with the aim of avoiding unexpected equipment failures
(Carvalho et al., 2019). However, this strategy does not fully prevent unexpected failures
from occurring, as scheduled maintenance is a preset plan that may not be able to take
care of faults that occur earlier than expected (Moleda et al., 2023). Furthermore, Car-
valho et al. (2019) note that this approach often results in unnecessary expenses due to

maintenance actions that may be deemed unnecessary.
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As the complexity and scale of industrial systems grew, so did the demand for more
advanced strategies. This led to the creation of frameworks such as computerised mainte-
nance management systems (CMMS), Total Productive Maintenance (TPM), reliability-
centred maintenance (RCM), and Risk-Based Maintenance (RBM).

The growing role of information as a prerequisite for effective maintenance decision-making
popularised the adoption of CMMS that emerged in the 1960s (Kans, 2009). These in-
formation systems are made up of functions that capture and process maintenance data
to generate information and indicators that support maintenance activities and strategy
(Lopes et al., 2016). Furthermore, CMMS reduces manual paper trail and tracking, cen-
tralises maintenance data and frees maintenance personnel, and therefore subsequently

shifts the focus to execution and continuous improvement (Shankar et al., 2023).

Procurement Management

<

Inventory Managementof | > C M M S PR Personal Management of
Spare Parts Maintenance

Maintenance Management

Figure 1.1: Key characteristics of the CMMS, adapted from Rachidi et al. (2013).

CMMS integrates four key components that help plan and take care of maintenance. This
includes maintenance management that involves preventive interventions in industrial sys-
tems. Furthermore, it involves maintenance personnel management, which includes plan-
ning and assignments as well as training management. In addition, spare parts inventory
management includes reserve stock control, threshold alerts, and parts reception. Then
the procurement management component focuses on the coverage of purchase orders, the

management of suppliers and pricing, and billing (Rachidi et al., 2013).

Although CMMS improves maintenance data management, it is still a challenge to trans-
form maintenance plans into actual execution, as well as to ensure that continuous im-
provement principles are applied. This requirement leads to maintenance methodologies
such as Total Productive Maintenance (TPM). TPM is a Japanese maintenance philosophy

that became prevalent in the 1970s. It focuses on the effectiveness of the equipment, the
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elimination of malfunctions, and the autonomous maintenance of the operators through

the participation of the entire workforce (Ahuja and Khamba, 2008).

TPM is implemented as a multi-departmental approach that builds a collaborative rela-
tionship between production and maintenance for continuous improvement. It does this by
combining the 'total maintenance system’ with ’total participation’ through autonomous

maintenance and small-group activities that involve all employees (Chan et al., 2005).

To operationalise these maintenance practices, appropriate maintenance tasks must be
selected in defined intervals and prioritisation between various industrial equipment and
failure modes (Rouzbeh et al., 2016). This motivates frameworks that formalise mainte-
nance decision-making. Reliability-centred maintenance (RCM) is an analytical process
to determine the maintenance requirements of an asset within its operating context (pub-
lished in 1978 as an aircraft maintenance-based approach) (Nowlan and Heap, 1978).
Gomaa (2025) further describes RCM as a structured methodology in which failure modes
are identified, their consequences are analysed, and criticality analysis (which involves
ranking unwanted incidents by importance) is used to prioritise failure modes and select

maintenance actions.

In the mid 1980s, Risk-Based Maintenance (RBM) became a formalised approach to make
maintenance decisions (Da Silva et al., 2023). RBM involves quantifying values that rep-
resent risk and then, based on prioritisation, perform inspection and maintenance actions.
Furthermore, it provides recommendations on the timing and maintenance type of preven-
tive tasks to reduce the probability that unexpected failures occur (Khan and Haddara,
2003).

Schedule based maintenance strategies do have limitations as fixed schedules may fail
to capture occurring faults or led to unnecessary maintenance actions. Condition-based
maintenance (CBM) involves preventive maintenance actions based on monitored condi-
tion data. In addition, it accounts for the past and current health status of an asset while
also forecasting its future health state, and subsequently reduces the risk of failure and un-
necessary maintenance costs (Zhang et al., 2025). CBM systems often involve techniques
such as anomaly/fault detection and diagnostic reasoning, as well as prognostic health
status functions (Thakkar and Chaoui, 2022).

Traditionally, CBM approaches involve physics-based modelling using first-principle physics
(Daigle and Goebel, 2021). However, this restricts practical implementation by necessitat-
ing extensive domain expertise and significant computational resources (Sharma, 2025).
Data-driven approaches are often the preferred and more practical approach. This is
largely due to advances in computing hardware, together with rapid developments in ma-
chine learning (ML) and deep learning, which have made it possible to design and deploy

such algorithms in a wide range of domains (Thakkar and Chaoui, 2022).
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Predictive Maintenance (PdM) has emerged as a widely used proactive maintenance tech-
nique (Carvalho et al., 2019; Moleda et al., 2023). The approach utilises data-driven ML
models to infer equipment health and anticipate failures, so maintenance is performed only
when necessary (Zonta et al., 2020). PdM monitors indicators of degradation and sched-
ules proactive interventions before failure (Zhang et al., 2019), often requiring lead times
of weeks to support investigation and maintenance planning (Toothman et al., 2023). In
practice, PAM decisions are often driven by estimates of the monitored assets’ Remaining
Useful Life (RUL). RUL quantifies the time (or cycles) remaining before an asset reaches
an unacceptable performance threshold, commonly referred to as its End-Of-Life (EOL)
(Kang et al., 2021). Figure 1.2 visualises the degradation of RUL over time.

A

Current Time

Asset Health State

Condition Threshold EOL

RUL

>

Time

Figure 1.2: Equipment remaining useful life visualisation, adapted from Wang et al. (2020)

In addition, prescriptive maintenance is built directly on the capabilities established by
CBM and PdM practices. Specifically, CBM provides the sensor-enabled condition mon-
itoring infrastructure required to capture historical degradation, which is a fundamental
prerequisite for PAM models. he impending-failure predictions and RUL forecasts pro-
duced by PdM are required inputs for modern prescriptive maintenance systems that
automate the recommendations of specific actions (Nunes et al., 2023). Figure 1.3 depicts

this progression and layered dependency for the fundamental maintenance strategies.
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Figure 1.3: Evolution of the fundamental industrial equipment maintenance strategies,
adapted from Nunes et al. (2023)

This study focuses on the predictive layer, which is the fundamental element that en-
ables downstream prescriptive decision-making (Nunes et al., 2023). The implementation
of PAM in industries has been shown to serve numerous benefits. Nunes et al. (2023)
state that PdM contributes to extending the life of the equipment and improving the
understanding of it. Wickern (2019) highlights how these practices reduce downtime and
increase the quality of the product. Additionally, Dalzochio et al. (2020) note a reduc-
tion in system faults and failures as a significant benefit of PAM. In addition, it has been
shown to improve operational efficiency and optimise supply chain management (Daily
and Peterson, 2017). A commonly agreed-upon advantage of PAM implementation is the
significant reduction in costs (Dalzochio et al., 2020; Nunes et al., 2023; Wickern, 2019;
Daily and Peterson, 2017).

Appendix A presents a systematic literature review (SLR) of the techniques used for RUL
prediction. It discusses the common limitations and challenges faced in the literature in
section A.4 (as well as later discussed in section 2.5), the types of data used and the
equipment from which the data is sourced in section A.5, and the feature extraction (FE)
techniques used in section A.6. In addition, it discusses the RUL prediction models used
in section A.7, the training optimisers and hyperparameter tuning techniques used in
section A.8 and section A.9, respectively, as well as the traditional performance evaluation
metrics used in section A.10 and the future work commonly proposed for selected articles

in section A.11.
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1.1.1 Problem Background

The application of RUL prediction can help plan PdM to reduce unplanned downtime
and maintenance cost and increase asset lifespan (Achouch et al., 2022). The use of
RUL prediction in PdM has attracted increased attention among researchers over the last
decade (subsection A.3.3; Figure A.4). The transition from measuring model performance
in academic research environments to achieving consistent/reliable model performance
in industrial environments remains challenging. Models developed in controlled labora-
tory /benchmarking environments have been shown to degrade when operated in other
real-world operating distributions (Asutkar and Tallur, 2023). This is largely due to the
fundamental challenge apparent in PdM research, which is the lack of availability of la-
belled data that reflects real world distributions.

Data limitations are especially prevalent when models are used in equipment that exhibits
new modes of operation or previously unseen faults, for which target-domain labels might
not be accessible, despite existing source-domain labelled data (Fan et al., 2020). With
respect to these new operating conditions or faults, historical labelled data may exist for
a related source domain, while target-domain labels may be unavailable. For example, Da
Costa et al. (2020) formulates the RUL transfer-learning problem under the assumption
that labels are available only for the source domain and not for the target domain. Thus,
evidently, PAM can involve varying degrees of availability of labelled target-domain-data.
This can range from sufficiently labelled target data (for supervised learning) to limited
labelled target data to scenarios where there are no labelled target data, where only
unlabelled sensor data are available for the target domain. This motivates the need to
understand which modelling approaches remain effective under different levels of labelled

target-domain-data availability.

Furthermore, even when labelled data do exist, additional difficulties arise with regard to
the complexity and variability inherent in the equipment being monitored. Physics-based
models (physics-of-failure) are often based on simplifying assumptions made because the
underlying physical mechanisms leading to failure are often unknown. These simplifying
assumptions may not always apply in practice (Coble et al., 2020). These factors can
contribute to the domain shift between the training and real-world data distributions.
The degree of this domain shift is significant since the model performance depends on how
closely the source and target domains are related. When the source and target domains
are not sufficiently similar, transfer learning techniques can degrade performance rather
than improve it, leading to negative transfer (Wang et al., 2019). Therefore, developing a
suitable modelling strategy depends upon the level of availability of labelled target domain

data and the similarity between the source and target domains.

Most PdM researchers focus on neural-network architectures to predict RUL, as is evident

in section A.7. However, few studies have systematically compared different architecture
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types (i.e. regression models, tree-based models, and deep learning models) when using
different levels of available data. Furthermore, model evaluation is typically reported
using a single measure of accuracy in a single training scenario. Moreover, most studies
cited in the SLR prioritise point-accuracy metrics, with RMSE and scoring functions
being the most frequently used (section A.10). Robustness in different data availability
scenarios is reported less often as a performance metric. This is evident, since only one of
the thirty reviewed studies evaluated performance under reduced training data fractions
(subsection A.10.5), leaving uncertainty as to which model architectures remain robust
and which evaluation approaches are most informative as the amount of training data

becomes limited.

1.1.2 Problem Statement

In PAM practices, the deployment of RUL prediction models to new equipment is of-
ten constrained by limited or unavailable labelled target-domain-data. Although labelled
source-domain data may be available, domain shifts between source and target distri-
butions can reduce model generalisation, with the severity of this shift varying across
implementation scenarios. However, there is limited controlled evidence on how different
model classes and transfer strategies perform across varying levels of target training data
availability and domain shift severity. This leaves practitioners with insufficient guidance

for model selection in real-world PAM deployment contexts.

1.1.3 Aim

The aim of this study is to address the challenge of implementing RUL prediction models in
PdM scenarios where labelled target domain degradation data are limited or unavailable,
and the source-target-domain shift reduces model generalisation. To achieve this, the study
systematically assesses how different RUL prediction strategies perform at varying levels
of target-data availability and domain shift severity. The study specifically investigates
whether feature selection (FS), FE, supervised transfer learning, and unsupervised domain
adaptation can improve performance under these constraints. This subsequently aims to
provide insight into which approaches remain most robust under these varying conditions,
thereby helping practitioners make more informed decisions when selecting RUL prediction

models.

1.1.4 Objectives

The objectives of this study are to:
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1. Conduct an SLR of techniques used for RUL prediction in PdM to identify key
challenges, commonly applied prediction, feature engineering and optimisation ap-
proaches, and evaluation metrics, and use these findings to inform the selection of

methods evaluated experimentally in this study.

2. Identify an appropriate benchmark data set with multiple operating conditions and
variants of the fault mode to enable the analysis of varying ML models, as well as

domain shift analysis and transfer learning techniques.

3. Create an experimental methodology for the study to ensure consistency across

model families, including data preprocessing and evaluation.

4. Establish the evaluation metrics used, as well as introduce a metric that can quantify

the robustness of the RUL prediction over the equipment’s lifecycle.

5. Establish the theoretical basis for the modelling classes evaluated, including tra-
ditional regression, tree-based, deep learning, FE, and transfer learning/domain
adaptation techniques, and highlight the key limitations and common challenges

associated with RUL prediction.

6. Train and evaluate baseline model classes across multiple levels of training-data
availability in order to identify which models remain most robust as data becomes

scarce.

7. Assess FS approaches and quantify their impact on performance at different levels

of training-data scarcity.

8. Assess neural-network-based FE techniques and quantify their impact on perfor-

mance at different levels of training data scarcity.

9. Evaluate supervised transfer learning strategies that utilise source-domain knowledge
when limited labelled target data are available and quantify performance across

varying target data quantities.

10. Evaluate unsupervised domain adaptation strategies that operate when only unla-
belled target data is available and establish source-only transfer baselines (the model
only trained on the source domain to make predictions on the target domain without

additional adaptation techniques) for comparison.

11. Investigate the severity of the domain shift as a determinant of the effectiveness of

the transfer strategy.

1.1.5 Research Questions

The objectives outlined in subsection 1.1.4 aim to answer the research questions below.
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R1 Out of the evaluated set of models, which perform the best at low-data settings?

R2 Do feature engineering techniques such as FS and FE reduce or improve model

performance?

R3 Does the proposed metric lead to different conclusions compared to traditionally

used metrics?

R4 Do supervised transfer learning strategies that use source-domain knowledge im-

prove performance when limited labelled target data are available?

R5 Can direct application of source-domain models (without adaptation) provide com-

petitive performance on target domains when target data is not available?

R6 Can unsupervised domain adaptation strategies that function without labelled tar-
get data achieve better performance than models trained only on source-domain

data and perform competitively compared to supervised approaches?

R7 How does domain shift severity between source and target domains affect the rela-
tive effectiveness of different transfer learning strategies at different levels of data

scarcity?

1.2 Structure of Dissertation

The dissertation consists of six additional chapters. Chapter 2 presents the theoretical
background of the RUL prediction algorithms used, FE, hyperparameter tuning, transfer
learning, Maximum Mean Discrepancy (MMD), the metric used to analyse the domain
shift, and transfer learning approaches used. The chapter also discusses the common
limitations and challenges associated with PAM and RUL prediction. Chapter 3 introduces
the Commercial Modular Aero-Propulsion System Simulation dataset. Furthermore, the
motivation for the selection of this dataset is discussed followed by data preprocessing
steps and exploratory data analysis. In Chapter 4 an overview of the methodology is

provided.

Chapter 5 discusses the implementation and validation of the models and strategies used
in the study. This includes baseline models, F'S, hybrid FE, supervised fine-tuning transfer
learning, source-only transfer, and adversarial domain adaptation. Chapter 6 presents the
results and a discussion of the performance of the models in unseen data. This chapter
also discusses the limitations of the study and identifies possible areas of future work. The

dissertation is then concluded in Chapter 7.



Chapter 2

Theoretical Background

This chapter outlines the theoretical overview for the methods used in this study to pre-
dict the RUL under limiting data. In line with the consolidation approach taken in the
SLR, it is organised by the typical ML workflow (refer to Figure A.1). However, since the
objectives (see subsection 1.1.4) consider the investigation of TL, this flow is expanded
to include domain assessment and learning techniques alongside the conventional feature
engineering and prediction modelling and training techniques used. Furthermore, the com-

mon limitations and challenges associated with PAM and RUL prediction are discussed.

It should be noted that pre-processing and selection of the data set are described separately
in Chapter 3 and evaluation metrics and procedures are explained in Chapter 4. This
chapter introduces three key families of ML algorithms, namely RUL prediction algorithms
based on regression, tree-based, and deep-learning. This is followed by FE methodologies
used to extract embedded data representations. Thereafter, optimisation methods for
model training and hyperparameter tuning are discussed. Finally, the chapter considers
domain assessment and transfer learning strategies to improve predictive performance

when target-domain training data is limited.

2.1 RUL Prediction Algorithms

ML is the study of algorithms that have the ability to learn complicated relationships in
data through the use of optimisation strategies (Hu et al., 2016). PdM involves the use
of these ML pipelines to combine industrial IoT technologies and forecast the time that
manufacturing equipment needs maintenance. The predictive model algorithms used in
these pipelines can vary greatly, each with their limitations and advantages. For a compre-
hensive cross-comparison of predictive algorithms, the work involves three ML families,

namely, classical regression models, tree-based models, and neural-network-based mod-

10
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els. This section provides a theoretical overview of each algorithm used in this paper.
Moreover, while this section provides a theoretical overview, section A.7 provides actual
implementations for each of the models discussed in the context of PAM research, as well

as for other algorithms commonly used in the literature.

2.1.1 Regression Models

Regression is a supervised learning approach that identifies relationships between indepen-
dent and continuous dependent variables (Hassanat et al., 2024). Specifically, the model
aims to use the continuous features (independents) to predict the target value (dependents)
(Ciampiconi et al., 2023).

Multiple Linear Regression

One of the most fundamental and well-known ML algorithms is multiple linear regres-
sion (MLR) (Tran et al., 2025). MLR can be described as an extension of simple linear

regression (Tranmer and Elliot, 2008) and is formulated as follows:

Yy = P14+ Boziz + -+ B + (2.1)
where y; is the dependent variable at time ¢, 81 is the intercept term, Bs,..., 3, are the
regression coefficients associated with the explanatory variables, xo, ..., T, and uy is the

error term

This extension enables multiple independent variables to be included in one model, allow-
ing each predictor z to contribute independently to the estimation of the target y (Castro
and Ferreira, 2022).

The key advantage of this algorithm is its simplicity to implement and its interpretability
(Dar and Chand, 2024; Li and Li, 2026). Moreover, this algorithm typically does not
require hyperparameter tuning (see section 2.3 on hyperparameter tuning). As a result,
training is computationally efficient compared to most other ML algorithms (Li and Li,
2026). Moreover, although MLR is known to underfit complex non-linear data, it can also
often overfit high-dimensional datasets. In particular, when the number of predictors is

large relative to the number of observations (Ozden et al., 2024).
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Lasso regression

To address this limitation, penalised regression methods have been proposed to shrink
coefficients toward zero (Ozden et al., 2024). This essentially functions as a feature selector
by shrinking the coefficients of unimportant features to zero so that they have little to no

impact and subsequently reduce the dimension (Fahimifar et al., 2023).

Lasso regression is a variant of MLR that incorporates a regulariser variable. This can be

derived by converting Equation 2.1 to an objective function as described in Equation 2.2:

2

n p
min Y |y —fo— D By (2.2)
/807/8 t=1 j=1

where min 0.5 indicates that the objective is to choose the scalar intercept Sy and coeffi-
cient vector 5 that minimise the expression, Z?Zl Bjxs; is the linear predictor, y; — 8o —
Z§:1 Bjx; is the residual for observation ¢, and ) ;" ; indicates that the squared residuals

are summed over all n observations, where n denotes the total number of observations.

Then Lasso can be expressed by adding a penalty term that functions as a regulariser
(Equation 2.3):

n

2
p p
min{ > |y —Bo— Y Bz | +AD 18] (2.3)
j=1

0.8 | 1=1 j=1

where: Y ") | (+)? represents the sum of squared residuals over all n observations, A is the
regularisation parameter controlling the strength of the penalty, Z§:1 |B;] is the penalty

term (referred to as L1) that shrinks the coefficients toward zero.

One notable limitation of Lasso regression is that, due to the regulariser, the model can
behave poorly on highly correlated data, where Lasso can select one of the several corre-
lated variables arbitrarily (Jardillier et al., 2022). Subsequently, this leads to discarded
information (predictors) that could potentially have been useful for prediction regardless
of collinearity (Wang et al., 2011).

Ridge regression

To prevent information loss, algorithms such as ridge regression use a different approach
to shrink coefficients. Although Lasso typically selects one variable from a correlated set,

Ridge regression shrinks them toward each other (Engebretsen and Bohlin, 2019). This



CHAPTER 2. THEORETICAL BACKGROUND 13

results in observed performance improvements for Ridge specifically in highly correlated
datasets (Engebretsen and Bohlin, 2019).

Ridge regression builds on top of Lasso regression by replacing the absolute value penalty
with a squared penalty which shrinks coefficients towards zero but never sets them exactly

to zero. The equation can be formulated as follows (Equation 2.4):

n

2
p p
min g > (e —Bo— D Biwy | +AD B (2.4)
j=1

Bo,B t=1 j=1

where S°P_. 32 denotes the L2 penalty term that shrinks the coefficients towards zero.
J=1"3

Elastic Net

Although ridge regression mitigates the information loss in highly correlated data, it trades
off the functionality that Lasso has which enables variable selection (i.e. completely drop-
ping features when not relevant). The Elastic Net algorithm overcomes this limitation by
combining their penalties (L1 and L2) to allow the selection of subsets and improve perfor-
mance when handling highly correlated features (Morozova et al., 2015). This algorithm

can be expressed as follows Equation 2.5:

n

2
P p p
min Z Yyt — Bo — Zﬂjxtj + M Z 1Bi] + Az ZBJQ (2.5)
j=1 j=1

6076 t=1 j=1

where \; ?:1 |8;| is the L1 penalty term, which encourages sparsity by shrinking some
coefficients exactly to zero, and Ao Z§:1 5]2 is the L2 penalty term, which smoothly shrinks
coefficients toward zero and helps stabilise estimates when predictors are highly correlated.
The addition of L1 and L2 penalties allows Elastic Net to perform variable selection while

also retaining groups of correlated predictors more effectively than Lasso alone.

Polynomial Regression

Up to this point, the algorithms discussed (MLR, Lasso, Ridge, and Elastic Net) have all
been based on the assumption of an underlying linear relationship of the predictors and
response variable (Hazra and Gogtay, 2017; Kwak, 2025; Rubin et al., 2022). Polynomial
regression is an algorithm that introduces non-linear polynomial terms of the predictors
up to the nth degree. This allows for more flexible functional forms to fit non-linear data
(Sagar et al., 2021). The equation describing polynomial regression is expressed as follows
(Equation 2.6):



CHAPTER 2. THEORETICAL BACKGROUND 14

ye = Bo+ Brae + Boa + -+ + Braf + uy (2.6)
where 22, .. .,xf are higher-order polynomial transformations of the explanatory vari-
able, allowing the predictor to enter the model at increasing powers in order to capture
non-linear patterns in the data,k denotes the degree of the polynomial, specified as a hy-

perparameter, which determines the highest power of the predictor included in the model.

The key limitation of using polynomial regression is its tendency to create models prone to
overfit as the degree of the polynomial increases (Cohen, 2024). This leads to an increase
in both the number of model parameters (increasing complexity) and the computational
resources required (Vyas and Shah, 2022). Moreover, in a multivariate feature set, the
proliferation of coefficients can grow exponentially, creating what is known as the "curse
of dimensionality” (which is the exponential increase in the feature space as the dimension
increases) (Ayvaz and De Lathauwer, 2022). This is because, for example, if you start
with n input features and use degree k, the number of terms grows combinatorially (see
Equation 2.7):

d+k
Number of terms = < —/i;_ ) (2.7)

2.1.2 Tree-based Models

There are families of algorithms that can inherently handle non-linear patterns without
the requirement of transforming predictors to the nth degree. This includes tree-based
models that function by building many decision trees that split data based on feature
values and combine their predictions to produce a more accurate result (Rokach, 2016).
This section explains what a decision tree is and covers the three tree-based algorithms
used in this study, namely Random Forest (RF), Extreme Gradient Boosting (XGBoost)
and Light Gradient Boosting Machine (LGBM).

The Decision Tree

A decision tree is a tree-structured model consisting of nodes, branches, and leaf nodes.
Specifically, each node represents a test on an attribute, the branches represent the out-
come of that test, and each leaf node represents a class (classification) (Han et al., 2012). In
regression trees, the same tree-like structure applies, but the leaf node represents predicted
numerical values instead of a class label (Dobra and Gehrke, 2002). Figure 2.1 visualises
this tree-like structure for an illustrative RUL regression problem. Here, X1, ..., X7 rep-

resent sensor-input features that may be selected at the respective decision nodes. At
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each node, the selected feature is compared with a threshold value learned during tree
construction, and the observation follows the corresponding branch depending on whether
the feature value is greater than or equal to, or below, that threshold. This process con-
tinues until a leaf node is reached. The RUL boxes at the bottom of the figure represent

the numerical RUL prediction associated with each terminal leaf.

Sensor Reading
X, z threshold (X1) X, < threshold
|

l l

Sensor Reading _ X: < threshold Sensor Reading

(X2) (Xs)
X2 2 threshold
Xs < threshold
J [’
Sensor Reading Sensor Reading Sensor Reading
(Xa) (Xs) (Xe)
Xa 2 threshold Xs > threshold
Se"S°(rXF:;3adi”g Xs 2 threshold | x; < threshold Xo > threshold |  Xe < threshold
X7 2 threshold X7 < threshold
RUL RUL RUL RUL RUL RUL RUL RUL

Figure 2.1: Illustrative structure of a regression tree for RUL prediction, where sensor
features are successively compared with learned split thresholds until a terminal RUL

prediction is reached.

Random Forest

RF regression builds on decision trees by forming multiple decision trees (a forest) to make
a single classification or regression prediction. Figure 2.2 provides a visual representation of
RF regression. The same sensor-input observation is evaluated by multiple independently
trained regression trees. Each tree produces an individual RUL prediction value, illustrated
as RUL;, RULy, .., RULp, where B denotes the total number of trees in the forest and
the ellipses represent the additional trees omitted from the illustration. The individual

RUL predictions are then averaged to obtain the final RF prediction.
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Sensor Readings
(input)

RUL, RUL, RULg

!

Average RUL

Figure 2.2: Visual representation of RF Regression, adapted from Lemes and Akagic
(2023).

Each tree in RF models is independently trained in different bootstrap (random selection
of samples with replacement) samples of training data (Liaw and Wiener, 2002). The
prediction of RF can typically be denoted as the average results (based on the bootstrap
samples generated) of all trees (refer to Equation 2.8, taken from Mushagalusa et al.
(2024):

nB 1 & *
02() = i) (2.8)

b=1

where éB(m) is the RF prediction for input = based on an ensemble of B trees, B is the
total number of decision trees in the forest, tj(x) denotes the prediction made for input
x by the b-th decision tree, and % 25:1 t;(x) denotes the final prediction, which is the

average of the predictions from all B trees.

Through the aggregation of diverse decision boundaries in the ensemble, the algorithm
can capture complex non-linear patterns without requiring explicit feature engineering
(Yang and Wang, 2025). Another key advantage of RF models is their strong performance
on high-dimensional datasets. Biau (2012) motivates this by showing that the algorithm
depends on the number of strong features, rather than the number of noise variables
present. In addition, Breiman (2001) demonstrated that as the number of trees increases,

RF predictions generally become more stable and less likely to over-fit.
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Extreme Gradient Boosting

As discussed, RF constructs each tree independently, where each contributes equally to
the final prediction. This approach is commonly referred to as bagging (Yang et al., 2019).
In contrast, boosting methods build trees sequentially, with each new tree learning from
the errors of its prior trees. Specifically, boosting iteratively applies a base learner to gen-
erate new prediction rules, which are then combined into a single rule that is expected to
be more accurate than any individual base rule (Schapire, 2003). Figure 2.3 visualises the
difference between bagging and boosting. In the figure, D represents the original training
dataset, while D1, ..., D; represent the derived training samples used to train the indi-
vidual predictors Py, ..., P;, with t denoting the learner index and the ellipses indicating
omitted intermediate learners. In bagging, the training samples and their corresponding
predictors are generated independently and the resulting predictions are combined. In
boosting, the predictors are instead constructed sequentially, with the performance of
each preceding learner influencing the training of the subsequent learner, as indicated by

the red arrows. The individual learners are then combined to generate the final prediction.

(A) Bagging (B) Boosting

R R ,H S

~ -~ ~

® o @6
lﬁ 1 e l 1
P P Py / /
| | |
| F'recl‘i’ction | | Predi’ction |

Figure 2.3: High-level comparison of bagging and boosting, showing independent learner
construction in bagging and sequential learner dependence in boosting, adapted from Yang
et al. (2019).

Similarly to bagging, boost methods create multiple datasets through the replacement
of random sampling. However, this sampling is performed over weighted training data
so that observations given a greater weight are more likely to be selected. The learners
are then built sequentially and combined using a weighted averaging strategy (Schapire,
2003).
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One of the most widely used boosting algorithms is XGB, commonly referred to as XG-
Boost. It is a regularised and computationally efficient variant of gradient-boosted trees.
Its implementation involves trees added in a stage-wise manner that minimise a regularised

objective (refer to Equation 2.9; taken from Chen and Guestrin (2016).

L0 = Zl (yi7y§t_1) + ft(fi)) + Q(f) (2.9)
i1

Z(t—l) + ft(fz)> denotes the loss calculated
(t=1)
i

represents the correction of the new tree, and (f;) is the regularisation term that penalises

where: £ is the objective function, l(yi,@

for the i-th observation, y; is the true target value, g is the prediction value, f;(Z;)

trees that are large (many splits, large weights, etc.).

Light Gradient Boosting Machine

LGBM is a gradient boosting method that, unlike XGBoost, does not evaluate every
possible split point for every feature. Instead, it uses a histogram-based algorithm that
groups continuous values in a limited number of bins and searches among these groups (Ke
et al., 2017). This means that LGBM grows leaf-wise instead of level-wise (see Figure 2.4;
adapted from Bui et al. (2021))

. Level-wise tree growth
XGBoost/ RF: / \ # *

Leaf-wise tree growth

LGBM: » *

Figure 2.4: Level-wise vs Leaf-Wise Tree Growth, adapted from Bui et al. (2021).
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Due to this structure/architecture, LGBM is known to be a more efficient boost method

in both memory usage and training speed (Bui et al., 2021).

2.1.3 Artificial Neural-Networks

Artificial neural-networks (ANN) are commonly used for RUL prediction because they can
model complex, non-linear relationships between inputs and outputs Gianola et al. (2011).
The SLR, section A.7 identified a diverse range of ANN-based models applied to the
prediction of RUL. Among these, Long Short-Term Memory (LSTM) networks and Dense
ANNSs are the most used, each appearing in 23% of the selected studies. These are followed
by Echo State Networks (ESNs), Gated Recurrent Units (GRUs), and Transformer-based

models, each of which appeared in 7% of the reviewed studies.

This section provides an overview of the algorithms based on ANN selected for experi-
mental evaluation. Specifically, it discusses the key foundations of ANNs and recurrent
neural-networks (RNNs), and subsequently introduces the specific variants used in this
work, namely Dense ANNs, LSTMs, GRUs and Transformers. Although ESNs have also
demonstrated promising performance in RUL prediction, they are not included in the
experimental evaluation conducted in this study. However, additional details on the ap-
plication of ESNs to RUL prediction are provided in subsection A.7.4. In addition, for
the scope of this study, Gaussian-based algorithms, which have also been successfully im-
plemented for RUL prediction (as evident in the SLR findings), are not included in the
evaluation. Further discussion of Gaussian Process Regression (GPR) for RUL prediction
is provided in subsection A.7.5. It is further acknowledged that a wide variety of other
algorithms have also achieved success in PAM contexts (refer to Figure A.10 showing the
distribution of algorithms/techniques found in the literature for RUL prediction) but fall
outside the scope of this work. However, their inclusion would constitute a valuable di-
rection for future research to investigate their performance under different levels of data

scarcity.

Feed forward and Recurrent neural-networks

Conceptually, an ANN is an ML model inspired by a simplified abstraction of biological
neural systems (Chen and Chen, 2026). These models are typically made up of intercon-
nected artificial neurones that are represented by an activation function. Each of these
neurones can accept multiple inputs, then multiply them by associated weights, sum the
results, and produce an output when the resulting value passes the activation threshold
(Jiang et al., 2024). An activation function is a mathematical transformation applied to
the neurone’s input so that each network can represent non-linear relationships (Dubey
et al., 2022).
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These neural-networks are trained using an algorithm known as ”"backpropagation”. Back-
propagation provides an efficient method for precisely computing the derivatives of a target
quantity with respect to a large number of input quantities (Werbos, 2002). The gradients
computed by backpropagation are then used by optimisers to update the parameters of
neural-network-based models. This study uses the Adaptive Moment Estimation (Adam)
algorithm. However, there are several optimiser algorithms that can be used to train

networks. section A.8 discusses optimisers in more detail in the context of PdM.

The fundamental variant of ANNs is feed-forward neural-networks. Its general structure
comprises multiple perceptrons with input z;, a hidden layer h; (deep networks may have
multiple layers) and an output layer O; (Ma et al., 2019). In the context of RUL prediction,
it can involve multiple inputs (sensor measurements) and only one output, which is the

predicted RUL of the equipment.

A key limitation of feed-forward networks is that they treat the input as independent
and cannot retain a state, which is necessary to capture information from long context
windows (Lipton et al., 2015). An RNN is a type of neural-network that incorporates
feedback connections, which enables it to handle sequential or time-series data. These
connections give the model the ability to retain information from previous inputs and use
it to inform subsequent outputs (Das et al., 2023). The fundamental difference between the
ANN and RNN models is that RNN uses hidden layers that make current outputs relate
to previous outputs through recurrent connections. This makes it particularly suitable for
time series data (Si et al., 2011). The general structures of ANNs and RNNs are presented
in Figure 2.4.

Feedforward Neural Network Recurrent Neural Network

—> Recurrent Connections

Figure 2.5: Simplified structures of feed-forward and RNN, adapted from Ma et al. (2019).

For RNNs, hidden layers maintain a memory of previous inputs over time, which enables
the network to capture the temporal dependencies in sequential data (Tai et al., 2016).
However, a limitation of RNNs is that these algorithms often struggle with long-term

dependencies due to the problem of vanishing gradients (Si et al., 2011). More specifically,
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during backpropagation, gradients (the derivative of loss with respect to a parameter) can
decay or explode, causing instability in updating the weights in the neural-network (Ye
et al., 2024).

Long Short Term Memory

RNNs that incorporate LSTM units have become an effective and scalable approach for
a variety of learning tasks that involve sequential data (Greff et al., 2017). Although
RNNs are historically difficult to train, advances in architectures and optimisation have
enabled large-scale training, allowing LSTM and bidirectional RNNs to achieve strong
performance across many tasks (Lipton et al., 2015). The general LSTM structure is
presented in Figure 2.6. Here, z; denotes the input vector sent to the LSTM at time step
1, h; denotes the corresponding hidden state, and o; denotes the output produced at that
time step. The terms x;_1 and h;_1 therefore represent the input and hidden state from
the preceding time step, respectively. The recurrent connections allow information from
earlier time steps to influence subsequent processing, with the long-term memory path
representing information retained across the sequence and the short-term memory path

representing the recurrent hidden-state information passed between adjacent time steps.

L

ong term
T memory T

Hidden states: hl hi—l hi

Short term
memaory

Inputs:

Figure 2.6: Recurrent sequence structure of an LSTM network, adapted from Fu et al.
(2019).

LSTM architecture is made of a collection of recurrently connected sub-networks referred
to as memory blocks. The purpose of each memory block is to preserve its state over
time while controlling the flow of information through non-linear gating units (Van Houdt
et al., 2020). Figure 2.7 illustrates the internal structure and gating mechanisms of an
LSTM unit. The input represents the current input vector x;, while the recurrent con-
nection carries the hidden-state information h;_; from the preceding time step. The cell
represents the internal cell state, which carries longer-term information through the se-
quence. The forget, input, and output gates regulate the retention, addition, and release
of information, respectively. In the figure, o denotes the sigmoid gate activation, tanh

denotes the hyperbolic tangent activation, the + symbol represents summation, and the
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filled multiplication symbol represents element-wise multiplication. The branch points

indicate where information is passed to more than one subsequent operation.

@ Branch point
Forget Gate © Multiplication

e Sum over all inputs

o&ate activation (sigmoid)
@ Input/Output activation (tan)
L 2

‘A

Recurrent

Output

we?®

-
Recurrent ®

Figure 2.7: Internal structure and gating mechanisms of an LSTM unit (Fu et al., 2019).

These memory blocks consist of an input block and an input gate. The input block
handles the processing of candidate data, and the input gate functions to regulate the
read and write access of candidate content (Staudemeyer and Morris, 2019). For LSTM to
create long-term memory, it uses the forget gate, which learns how long previously stored
information should be retained in the cell state (Mojtahedi et al., 2025). The cell state
functions as the memory component that preserves and carries information from one time
step to the next (Hu et al., 2025). The cell’s output is obtained by taking the cell state
and multiplying it by the activation function of the output gate (Staudemeyer and Morris,
2019).

Bidirectional Long Short Term Memory

Bidirectional Long Short Term Memory (BiLSTM) utilises the same architecture as LSTM
but additionally allows for additional training involving the transversal of data forward
and backward (Siami-Namini et al., 2019). This approach allows more key information to
be extracted from the data (Yang and Wang, 2022).

Gated Recurrent Units

The Gated Recurrent Unit (GRU) is a simplified variant of the LSTM architecture. Struc-
turally, GRU only uses two gating units while LSTM uses 3, and therefore has fewer pa-

rameters (Niu et al., 2023). This makes it a more computationally efficient variant of an
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RNN (Diao et al., 2019) while still performing similarly to LSTM (Yunita et al., 2025).
Figure 2.8 shows the general structure of the GRU, adapted from Riaz et al. (2020). The
hidden state is passed through the reset and update gating mechanisms, which control
how previously retained information is combined with the candidate hidden state. In the
figure, o denotes the sigmoid activation function, tanh denotes the hyperbolic tangent ac-
tivation function, the multiplication symbols represent element-wise multiplication, the +
symbol represents addition, and 1— represents the complement of the update-gate value.

The resulting combination produces the updated hidden-state output.

Hidden state

Reset Gate Update Gate Candidate hidden
state

Figure 2.8: General GRU Structure, adapted from Riaz et al. (2020).

The reset gate allows the GRU to discard or overlook past hidden states whenever this
is considered necessary (Chung et al., 2015). This can be formulated as follows (adapted
from Chung et al. (2014)):

7=0 (WT@ n U,,Et_l) , (2.10)

where 73 is the reset gate vector, 7; is the input vector at time ¢, hy_1 is the previous
hidden state vector, and the weight matrices are represented by W, and U,.. The sigmoid
activation, o, constrains the gate values between 0 and 1, and subsequently the reset gate
determines how strongly information from the previous hidden state contributes when the

candidate hidden state is formed.

The reset gate is applied element-wise to the recurrent contribution of the previous hidden
state and subsequently influences the computation of the candidate hidden state, which is
given by (adapted from Chung et al. (2014):

e = tanh (Wi, + 75 © (URi 1)) (2.11)
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where i_it is the candidate hidden-state vector at time step ¢, T is the input vector, ﬁt_l is
the hidden-state vector from the previous time step, 7 is the reset-gate vector, W and U
are learned weight matrices, ® denotes element-wise multiplication, and tanh(-) denotes

the hyperbolic tangent activation function.

The update gate then controls how much of the previous hidden state should be preserved
and how much new information should be incorporated (Jafari and Byun, 2023). This can

be formulated as follows:

27% =0 (szt + Uzﬁt_1> y (212)

where Z; is the update-gate vector and W, and U, are the weight matrices associated with

the update gate.

The update gate is then used to combine the previous hidden state with the candidate
hidden state to produce the updated hidden state (Chung et al., 2014):

he=(1—2)©h 1+ %0 h, (2.13)

where ﬁt is the updated hidden-state vector.

The advantage of the GRU structure is that it retains the ability to model long-term
dependencies through its gating mechanisms, while its simpler architecture (with fewer

gates than an LSTM) generally makes it more computationally efficient.

Transformers

The Transformer has become a major breakthrough architecture in fields such as natural
language processing (Radford et al., 2018) and computer vision (Dosovitskiy et al., 2021).
Through its use of attention mechanisms, it has been demonstrated to improve paral-
lelisation and reduce training time relative to recurrent and convolution-based models
(Vaswani et al., 2017). Transformers can model long-range dependencies and interactions,
which makes them suitable for time series applications such as forecasting and anomaly
detection (Wen et al., 2022). By using an attention mechanism rather than sequentially
propagating hidden states across time steps as recurrent models do, the transformer re-
duces the path length between distant positions to a constant (Vaswani et al., 2017). The
general structure of a transformer architecture is shown in Figure 2.9. In the encoder,
the input sequence is first transformed through embedding and positional encoding before
being processed by multi-head self-attention and a feed-forward network. Normalisation
is applied around these processing blocks. The decoder follows a similar structure, but

begins with the previous target values and applies masked multi-head self-attention. The
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decoder then uses encoder-decoder multi-head attention to incorporate the representa-

tion produced by the encoder, after which the resulting representation passes through a

feed-forward network and final linear layer to produce the forecast.

Encoder

>
Add H Normalization |

Figure 2.9: General Transformer Structure, adapted from Vaswani et al. (2017)
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Transformer-based architectures typically consist of an encoder and decoder initially de-

signed for sequence-to-sequence tasks such as machine translation (Vaswani et al., 2017).

The encoder takes an input sequence and then uses multi-head self-attention as well as

position-wise fully connected feed-forward network layers to encode representations of the

input. The decoder blocks contain an additional cross-attention sublayer between the

multi-head self-attention sublayer and the position-wise feed-forward network. Moreover,

the self-attention of the decoder is masked to prevent each position from attending future

positions in the sequence (Lin et al., 2022).
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Multi-head attention allows the model to jointly attend to information from different rep-
resentation subspaces at different positions. It functions by applying several attention
operations using different learnt linear projections of queries, keys, and values and con-
catenates the results into an output (Vaswani et al., 2017). Vaswani et al. (2017) derive

the multi-head as follows:

MultiHead(Q, K, V) = Concat(Hy, ..., H,)W? (2.14)

H; = Attention(QWY, KWK VW) (2.15)

where WiQ, WX WY are the learnt projection matrices for the queries, keys, and values
in attention head i, where WZQ, WE ¢ R%mode1¥dk and W) € R¥moderxdv WO ig the output
projection matrix applied after concatenating the attention heads, with WO € R?dvXdmoder
dmodel denotes the model dimension, dy is the dimensionality of the queries and keys, d,
is the dimensionality of the values, h is the number of attention heads, H; is the matrix
output of the i-th attention head, and Concat(Hy,...,Hy) denotes the concatenation of

the outputs from all attention heads.

The resulting representation is passed through a position-wise feed-forward network. This
network applies the same two fully connected transformations to each position indepen-
dently, with a ReLU activation function between them (Chen et al., 2022).

FFN(Z) = ReLU(ZW; + 81)W2 + 52 (2.16)

Although the encoder-decoder architecture works well for many types of sequence data
tasks, time series-based tasks do not always require generating a complete output se-
quence. Instead, such as in the case of RUL prediction, it requires mapping a fixed-length
window of past values to a single future value point. For these types of applications, the
complexity of the architecture can be reduced to simply include an encoder (Chen et al.,
2022). Transformers are also often implemented as feature extractors in ML frameworks
due to their ability to capture long-term dependencies between elements in a sequence
regardless of their distance (see subsection A.6.5 for more details on the implementation

of transformers in PdM).

2.2 Feature Extraction

FE serves as a fundamental component in numerous ML pipelines (Mutlag et al., 2020). It

is regarded a preprocessing step in which data is extracted and transformed into features
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for further processing (Usmani and Shamsi, 2021). FE can greatly improve the perfor-
mance of learning algorithms by identifying implicit, informative and meaningful features,

while simultaneously minimising noise and redundancy Tesfay (2023).

There are several FE techniques, as identified in section A.6, Figure A.9. Traditional
techniques involve the extraction of key statistical characteristics from the data, including
root mean square, standard deviation (SD), mean, kurtosis, etc. These techniques can be
effective but often fail to capture deeper relationships in data. More advanced techniques
include projection-based methods such as Principal Component Analysis (PCA) or, for
example, signal-processing methods such as wavelet transforms (Kuiziniené et al., 2024;
Chin et al., 2024).

A key benefit of neural-network-based models is that they can learn feature representations
and optimise prediction together within a single end-to-end differentiable architecture
(Samanta et al., 2023). Deep learning allows computational models composed of multiple
processing layers to learn representations of data with multiple levels of abstraction. This
is achieved using the backpropagation algorithm, which indicates how the model should
adjust its internal parameters to compute increasingly abstract representations across
layers (LeCun et al., 2015).

There have been several high-performance hybrid architectures (FE and prediction al-
gorithms). Some of the most widely featured extractors used in hybrid neural-network
algorithms is used in PdM are Convolutional Neural-Networks (CNN), Temporal Convo-
lutional Networks (TCN), and Autoencoders (AE), (as seen in Figure A.11, which shows
the distribution of different FE and prediction model architecture combinations used in
the selected papers in the SLR). In particular, CNN has been commonly used in both
LSTM and dense ANN (feed-forward) architectures.

2.2.1 Convolutional neural-network

CNNs have become widely known, largely due to their remarkable performance in com-
puter vision tasks, studies such as Krizhevsky et al. (2012) demonstrating their ability
to learn progressively more abstract feature representations directly from raw pixel data
for image classification. For time-series tasks, CNNs have also proved effective because
the same convolutional architecture can be applied along a one-dimensional (1D) tempo-
ral axis and automatically learn complex representations from sensor signals (Duc et al.,
2020).

CNNs consist of three layers, including convolutional, pooled, and fully connected layers.
For one-dimensional (1D) CNNs the input is in the form of a 1D array. The convolutional
layers then identify features by applying convolutional kernels which perform element-

wise multiplication and summation operations on the input array. Then, the pooling
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layers are commonly applied to reduce the dimensionality of the extracted features, while
the fully connected layers merge the information from the convolutional and pooling layers
to produce the final output (Wang et al., 2024).

A convolutional layer is characterised by locally connected neurones and shared weights
(Li et al., 2019). The convolution operation can be expressed as follows (taken from Li
et al. (2019))

Ié/ = qZ) Z Wik * $£_1 + bé/ (217)
k‘EMj

where xé ~1is the output of the k-th feature map in layer L—1, wyir denotes the convolution
kernel connecting the k-th feature map in layer L — 1 to the &’-th feature map in layer L,
* denotes the convolution operation, b,%, denotes the bias term associated with the k’-th
feature map in layer L, ¢ represents the non-linear activation function, xﬁ, denotes the
output of the k’-th feature map in layer L, M; is the set, or number, of input feature maps

connected to the j-th local receptive field.

The pooling layers reduce the dimensionality of feature maps and improve the processing
of noise data. Common implementations include mean-pooling and max-pooling, where
max-pooling retains the largest value in each local receptive field (Yang et al., 2020). This
can be calculated through Equation 2.18, adapted from Yang et al. (2020).

F(j) = Fa( 2.1
k)= s A0} (2.18)

where :1:571 (t) denotes activation at position ¢ in the k-th feature map of layer L —1, pZ(j)
denotes the pooled output at position j in the k-th feature map of layer L, W denotes the

width of the pooling window, j denotes the index of the pooling region.

2.2.2 Temporal Convolutional Network

TCNs are specifically designed for time series modelling, with the objective of overcoming
key limitations of CNNs, particularly those related to temporal information leakage and
the capacity to capture sequential context (Mo et al., 2023). A fundamental component
of TCNs is their use of causal convolutions. In contrast to standard convolutions, causal
convolutions ensure that the information from future time steps does not affect the previous

ones (Liu et al., 2021). Figure 2.10 visually demonstrates this difference.
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Figure 2.10: The general structure of convolution and causal convolution in TCNs, adapted
from Hsu et al. (2022)

Additionally, because it uses dilated convolutions, its larger receptive fields enable it to
capture information across longer ranges, whereas standard CNNs are limited to modelling
local dependencies (Foroutan and Lahmiri, 2024). Figure 2.11 shows the general structure

of a TCN, focusing on the dilution-causal operations.
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Figure 2.11: Dilated-causal convolution visualisation in TCNs, adapted from Duc et al.
(2020)

Figure 2.11 shows how the dilation factor controls the spacing between the input positions
considered by each convolutional layer. At a dilation factor of one, adjacent time steps
are considered, while increasing the dilation factor progressively increases the distance
between sampled inputs. This allows deeper layers to incorporate information from a
wider temporal range without requiring a corresponding increase in the convolutional

filter size.

The dilated convolution operation used by a TCN can be expressed as follows (adapted
from Bai et al. (2018):

>
I
—

—

F(s) = (@xa f)(s) = 2 f(0)2s—di; (2.19)

I
o

where F(s) is the output of the dilated convolution at sequence position s, # is the input
sequence, f is the convolutional filter, f(i) is the ith filter coefficient, k is the filter size,

and d is the dilation factor.
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2.2.3 Autoencoders

AEs are types of neural-networks that contain an encoder that compresses information
with the aim of maintaining a meaningful representation and then a decoder that recon-
structs the input as closely as possible to the original (Bank et al., 2023). AEs are trained
unsupervised (unlike CNN or TCN which uses labelled targets) by using the input itself
as a reconstruction target to learn a compact latent representation (Berahmand et al.,

2024). The general structure of AEs is shown in Figure 2.12.

Input Output

o e

Decoder

Figure 2.12: General structure of an AE, adapted from Lu et al. (2021)

An AE has three distinct parts, namely, the encoder, latent space, and decoder. At the
encoder, the model compresses the input into a lower-dimensional representation. This
representation is known as latent space. In the latent space, the compressed represen-
tation captures important features of the input data and then the decoder reconstructs
the compressed representations of the features back to the original form. Aydemir and
Paynabar (2020) describes AE as a non-linear extension of PCA. PCA is a linear technique
that is used to reduce the dimensionality of data, but only effectively in linear relation-
ships. On the other hand, AE approaches often use non-linear activation functions for

both the encoder and decoder, which can capture more complex non-linear patterns. The



CHAPTER 2. THEORETICAL BACKGROUND 32

formulation of the decoder and encoder is described in Equation 2.20 and Equation 2.21

respectively (taken from Michelucci (2022)).

hi = g(&) (2.20)

Ti = f(hi) = f(g(%)) (2.21)

where z; is the sampled input, g(-) denotes the encoder function, h; is the latent repre-
sentation of the input, f(-) represents the decoder function, Z;] denotes the reconstructed
version of the sampled input. Equation 2.20 and Equation 2.21 show that the encoder
maps each input vector Z; to a latent representation ﬁi, while the decoder maps this
compressed representation back to the reconstructed input Z;. The latent representation
therefore retains the information considered most useful for reconstructing the original

input while representing it in a lower-dimensional form

Training the AE implies finding that the functions g(-) and f(-) satisfy Equation 2.22

argmin (A (&, /(9(7)))°) (2.22)

where A measures the squared difference between the input and its reconstruction (out-
put), and (-) denotes the average over all input samples in the dataset (Michelucci, 2022).
For examples in the literature where AEs are implemented for RUL prediction, see sub-
section A.6.3.

The objective can be seen as minimising the reconstruction errors for the inputs and their
reconstructions. Minimising these differences over the training set will optimise both the
encoders and decoders such that the encoded features retain the important characteristics
needed to reproduce the input. Therefore, since the number of dimensions in the latent
space is less than or equal to the number of dimensions in the input, the Autoencoder
learns a compact representation of the most significant patterns in the data as opposed to

learning one independent representation for each of the original features.

2.3 Hyperparameter Tuning

ML models typically consist of weighted parameters that are optimised during training.
These parameters fall within the actual architecture of the prediction algorithm. In con-
trast to the model parameters, hyperparameters are chosen before the start of training

and control how the training process is carried out (Ilemobayo et al., 2024). Selecting



CHAPTER 2. THEORETICAL BACKGROUND 33

an appropriate combination of hyperparameters critically impacts how well ml models
will perform and generalise on test data (Arnold et al., 2024). It is therefore vital to
select a hyperparameter tuning technique that will effectively find an optimal combina-
tion. Typically, hyperparameter tuning is implemented by training models under different
hyperparameter settings and selecting the combination that performs best on a validation

data set.

As seen in section A.9 there are several hyperparameter techniques that have been used
to tune the hyperparameter. The most prominent are Grid Search (GS), Manual tuning,
Genetic Algorithms (GA), Bayesian Optimisation Algorithm (BOA), and Random Search.

GS is one of the most effective methods of hyperparameter tuning, as it uses a brute force
approach by testing every possible combination of hyperparameter. However, the trade-off
of its effectiveness is its lack of efficiency, as it can be an impractical choice when dealing
with ML algorithms that consist of a large set of hyperparameters. Bergstra and Bengio
(2012) highlights this limitation by noting that GS constructs the Cartesian product of
the potential value sets for each hyperparameter, thereby ”suffering from the curse of
dimensionality”, since the number of possible combinations grows exponentially with the

number of hyperparameters.

Random search directly addresses this limitation. Instead of testing each possible com-
bination, it uses random combinations of hyperparameters. This makes it much more
efficient than GS while remaining relatively simple to implement (Bergstra and Bengio,
2012). However, in contrast, this method may overlook the best-performing combinations

if they do not appear in the random sample runs.

More advanced techniques such as GA involve optimisation to converge to a near-optimal
set of hyperparameters without the need to exhaustively test combinations. These al-
gorithms are particularly suitable for high-dimensional hyperparameter spaces (Mehdary
et al., 2024). GA is inspired by the evolutionary process of natural selection. Beg and

Islam (2016) explains how this algorithm works in five steps.
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Table 2.1: Main steps of the genetic algorithm for hyperparameter optimisation, adapted
from Beg and Islam (2016).

Genetic Algorithm L.
Description
Step
Step 1: Population The genetic algorithm randomly generates an initial
Initialisation population of candidate hyperparameter configurations.
The fitness of each candidate hyperparameter
Step 2: Selection configuration is evaluated, and the better-performing
candidates are selected for reproduction.
Segments of selected hyperparameter configurations are
Step 3: Crossover combined to produce new offspring and generate new
candidate configurations.
Random changes are introduced into certain
Step 4: Mutation hyperparameter configurations to maintain diversity in
the search space.
The best-performing hyperparameter configurations
Step 5: Elitist Operation | from the current generation are carried forward to the
next generation.

It is acknowledged that, as discussed, there are many approaches to hyperparameter tun-
ing. Within the scope of this study, GS is used for the simpler regression algorithms, while

a BOA approach is used for the remaining models.

2.3.1 Bayesian Optimisation Algorithm

The BOA has become the leading approach for costly black-box optimisation problems
due to its efficient use of data (Wang et al., 2023). Unlike classical optimisation methods,
BOA typically does not rely on gradient information (Wu et al., 2017). Specifically, it
applies the GPR model to build an approximation of the objective function and estimate
the uncertainty involved with it. The next evaluation point is determined by selecting a

point according to the acquisition function (Wu et al., 2017).

Optuna

This study implements BOA through the Optuna framework. Optuna is an automatic
hyperparameter optimisation framework proposed by Akiba et al. (2019). Optuna applies
BOA by dynamically narrowing down the range in which the best parameters lie based
upon each trial’s results. Additionally, Optuna can limit the number of computationally

expensive trials by pruning (preventing non-promising trails). Furthermore, because Op-
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tuna uses a define-by-run API, it allows the search process to be customised to the specific
requirements of the model (Al-Salih et al., 2026). The Optuna framework supports several
sampling strategies, including independent methods such as TPE (Tree-Structured Parzen
Estimator) and relational methods such as CMA-ES (Covariance Matrix Adaptation Evo-
lution Strategy) (Akiba et al., 2019).

This study uses Optuna to implement BOA for hyperparameter tuning. Optuna is a
framework, proposed by Akiba et al. (2019), created for automated hyperparameter tun-
ing. Optuna applies BOA by dynamically narrowing down the range in which the best
parameters lie based upon each trial’s results. In addition, it can limit the number of
computationally expensive trials by pruning (stopping unpromising trails) (Al-Salih et al.,
2026). Optuna supports several sampling strategies, including independent methods such
as the Tree-Structured Parzen Estimator (TPE) and relational methods such as CMA-ES
(Covariance Matrix Adaptation Evolution Strategy) (Akiba et al., 2019).

This study uses TPE as the sampling methodology. TPE is considered an exploitative
method of BOA due to its acquisition function acting in a manner similar to probability of
improvement (PI). Therefore, it favours candidate hyperparameter configurations that are
more likely to produce an improved result over the current optimum solution (Watanabe,
2023).

Optuna uses the TPE as its sampling strategy. This strategy is a variant of BOA as it
uses conditional densities of the hyperparameters rather than directly approximating the
objective function. This can be formulated through Equation 2.23, taken from Watanabe
(2023):

B () =p@E|DV) ify<y’
p(y | Z,D) = (2.23)
9(Z) = p(Z | D9 ify >y

2.4 Transfer Learning

The methods discussed thus far have focused on predictive model architecture, FE, and
performance optimisation through hyperparameter tuning. However, when the amount of
training data available is restricted, improvements obtained through model selection and
tuning alone may remain limited. In such cases, transfer learning (TL) becomes a useful
approach as it allows models to gain knowledge from other source domains. Weiss et al.
(2016) define TL as a method that improves the performance of a model in one domain by
using knowledge from another domain, thus meeting the need for high-performing learners
that can be trained using more readily available data from various domains (Weiss et al.,
2016).
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There are several benefits in applying TL architectures, including improved accuracy and
efficient use of scarce data (Hattula et al., 2023). The review by Iman et al. (2023)
emphasises the increasing relevance of transfer learning within the field of ML, particularly
due to its ability to reduce the reliance on large volumes of training data and the associated

high costs of model training.

Transfer learning is commonly categorised as intra-domain or cross-domain TL. Intra-
domain TL involves the transfer of knowledge between datasets from the same or closely
related source domain, whereas cross-domain TL involves the transfer of knowledge be-
tween different domains (Otovi¢ et al., 2022). TL can also be described as homogeneous
when the source and target domains share the same feature space and heterogeneous when

their feature spaces differ.

Several studies have investigated the application of TL for RUL. For example, Sun et al.
(2019) proposed a deep homogeneous TL method based on a sparse AE to predict the
RUL of cutting tools operating under different conditions. Similarly, Xiang et al. (2025)
introduced a micro transfer learning mechanism for the prediction of RUL and evaluated
it on a turbo-engine and further validated it on data sets from wind turbine gearboxes.
Na et al. (2025), proposed a heterogeneous TL approach in the cross-domain to transfer
knowledge from the prediction of RUL of aircraft engines to the prediction of railway track
circuit faults. The feasibility of transfer was assessed using MMD to compare the source
and target data distributions. The target task was reformulated as a classification problem
by discretising RUL values into fault classes, and knowledge transfer was achieved using
a Data Distribution Fitting Network (DDFN).

2.4.1 Maximum Mean Discrepancy

TL involves a source dataset Dy = {zf,y;}1*, and a target dataset D, = {zf,yl},.
The greater the similarity between the source and target domains, the more accurate the
forecasts for the target tend to be (Ehrig et al., 2024). The difference between them,
often referred to as domain shift, is the discrepancy between the source and target data
distributions (Li et al., 2025)..

MMD can be used as a metric to measure the discrepancy between the source and target
distributions. Specifically, it is a kernel-based metric for quantifying how two probability
distributions differ, obtained by computing the distance between their mean embeddings
in a reproducing kernel Hilbert space (Gretton et al., 2012). Gretton et al. (2012) defines
MMD as (Equation 2.24:

MMDI[F, ps, pi] = sup (Egp, [f ()] — Egp, [f (£)]) (2.24)



CHAPTER 2. THEORETICAL BACKGROUND 37

where F is a class of functions f : X — R, ps and p; are the probability distributions of
the source and target, Egz, [f(Z)] and Ez.p, [f(Z)] are the expectations of f(Z) under the

source and target distributions, respectively, and sup denotes the supremum over F.

By choosing F as the unit ball of a universal reproducing kernel Hilbert space (RKHS)
H defined on a compact metric space X, MMD can be expressed as the distance between

the mean embeddings of the source and target distributions in H:

MMD?(F, ps, pi] = || fip, — fipc |3 (2.25)

Here, D and D; denote samples drawn from the underlying source and target distributions
ps and py, respectively. F is the unit ball in H, which is the set of functions in H with
the RKHS norm less than or equal to 1. H is a reproducing kernel Hilbert space defined
on the compact metric space &, [i,,, and fip, are the mean embeddings of the source and
target distributions in #, respectively, and || - ||3 denotes the RKHS norm in H (Gretton
et al., 2012).

Although MMD provides evidence of potential transferability, transferability itself must
be demonstrated through empirical transfer learning (Na et al., 2025). This dissertation
implements two transfer learning approaches for intra-domain, homogenous tasks, through

fine-tuning and domain-adversarial neural-network (DANN)-based learning.

2.4.2 fine-tuning

Given that labelled target data are available in this study (refer to Chapter 3 for more
information on the selected dataset), the fine-tuning approach considered here falls under
inductive transfer learning. Inductive transfer learning corresponds to a setting in which
labelled target-domain-data are available to learn a target predictive model while using
knowledge from a related source domain/task (Pan and Yang, 2010). Fine-tuning is an
inductive TL approach that starts with pre-trained parameters and continues training
with gradient updates on a downstream task using labelled data (Devlin et al., 2019).
In addition, the approaches discussed fall under parameter transfer, where knowledge is
encoded in shared model parameters (or priors) transferred from the source and adapted
using target-domain supervision (Pan and Yang, 2010). Since parameter-update strategies
can differ, this study experiments with three alternative fine-tuning protocols. These
include full transfer learning (FTL), feature freezing, and gradual unfreezing (GU) fine-

tuning.

In FTL, all model parameters are updated during training on the new task. Specifically,

it defines the target predictor as

pt:htOfLO'”Oﬁ (226)
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where p; denotes the target-domain predictor, fi,..., fr are the layers of the pretrained
feature extractor, L denotes the number of feature-extractor layers, and h; is the task-
specific prediction head for the target domain. The head h; is randomly initialised, while
fro---ofi is initialised from pretrained weights. Here, all parts of p; are optimised jointly,
so that both the target-specific head and the pretrained feature extractor are updated end-
to-end to adapt the model to the target data (Peng et al., 2021). This approach works
well when the target dataset is large, or where the model has relatively few parameters
so that over fitting common (Yosinski et al., 2014). Otherwise, if the target dataset is
small while the model has many parameters, fine-tuning can cause over fitting so that
the feature representations are frozen (Yosinski et al., 2014). Feature freezing, also called
"selective fine-tuning”, is based on the intuition that the lower layers in a neural-network
learn general domain-independent features, while the higher layers learn more specific
domain dependent features (Nguyen et al., 2022). Feature freezing then retains the target
predictor (Equation 2.26) but freezes the pretrained feature extractor fr o---o f; and
optimises only the task-specific head h;. Here, the head h; is randomly initialised, while
the weights of fr, o--- o fi remain fixed at the pretrained values throughout training, so

adaptation to the target task occurs only through the head (Peng et al., 2021).

Another alternative to FTL is the GU approach. Instead of fine-tuning all layers at once,
which risks catastrophic forgetting, GU gradually unfreezes the model layers starting from
the last layer since the last layer typically contains the most task-specific knowledge and
the least general knowledge (Howard and Ruder, 2018). Thus, GU retains the target
predictor p; = hyo fr, o---o f1, but does not optimise all pretrained layers simultaneously.
Instead, following the stage-wise formulation of Yang and Ma (2022), let 0() denote the

parameters of layer f;. Then, at the training stage k, only the subset
R® ={0" . L —k<i<L} (2.27)

is unfrozen and optimised, together with the task-specific head h;, where L denotes the
total number of pretrained layers in the model. Therefore, progressively lower layers are
unfrozen in later stages until a larger portion of the pretrained feature extractor is adapted
to the target task (Yang and Ma, 2022).

In addition to the fine-tuning learning approaches discussed, the study also investigates
the performance of a source-only transfer learning approach. This involves using only the
source dataset to pre-train the model and then using that model to make predictions on
the target dataset (without fine-tuning). The advantage of this approach is that it is not
dependent on labelled target data. The fine-tuning approaches discussed depend on the
assumption that both the source and target data are labelled. This is because the model
trained on the source domain is adapted to the target domain by using supervised target
domain RUL labels. However, in real-world PdM applications, target labelled data is not
always available or in very limited quantities. Furthermore, a source-only transfer learning

approach may perform poorly on target data if the domain gap is very large. Therefore,
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this study further investigates the use of domain-adaptation approaches that learn the
target prediction task (RUL) from labelled source-domain data while using unlabelled
target-domain input to encourage domain-invariant feature representations (Ganin et al.,
2016).

2.4.3 Domain Adversarial neural-network

The Domain Adversarial neural-network (DANN), proposed by Ganin et al. (2016), is an
ML approach specifically designed for domain adaptation. Their method derives from do-
main adaptation theory, which states that successful transfer occurs when predictions are
based on features that cannot be distinguished between the source and target domains.
They showed that this adaptive behaviour can be obtained in most neural-network-based
models by adding standard layers together with a Gradient Reversal Layer (GRL). Fig-
ure 2.13 shows the general architecture of DANN.
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Figure 2.13: Architecture of DANN, adapted from Da Costa et al. (2020)

DANN includes a feature extractor and a feed-forward predictor. The domain classifier
that performs the unsupervised domain adaptation then connects to the feature extractor
using the GRL. This layer is used to multiply the gradients of the backpropagation process
with a negative constant so that the backpropagation process can be performed in an
ordinary way for all samples except for the source examples. For the source examples, it
uses the standard backpropagation process to minimise the label prediction loss and the
domain classification loss. Through this process, the domain distributions will be made

similar to each other (Ganin et al., 2016).
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As stated above, during training, the neural-network will have portions that are optimised
based upon the labels provided for the source dataset and portions that will create similar
representations despite having totally distinct datasets. These goals are achieved by defin-
ing an adversarial objective(Sicilia et al., 2023). Da Costa et al. (2020) used DANN for
RUL prediction by combining a source-domain regression loss with an adversarial domain-
classification loss. The resulting min—max objective trains the feature extractor and the
RUL predictor to minimise task loss while encouraging domain-invariant features, with
the domain discriminator optimised adversarially on the same representation. It is this
competitive relationship between these two components of DANN that allows it to main-
tain effectiveness for the purpose of performing tasks while reducing the dependence on
the domain (Sicilia et al., 2023; Da Costa et al., 2020).

2.5 Common Limitations and Challenges in PdM

2.5.1 Data Availability and Labelling Challenges

Despite the availability of IoT technologies, which enable the collection and processing
of large volumes of data to improve prognostics, ince and Genc (2023) note that a key
challenge is the limited availability of labelled historical data associated with a system’s
health condition or RUL targets. They further note that even when a system’s failure
time is known, the onset of failure is often unavailable or not correctly labelled. Fathi
et al. (2021) concur that performing PdM is particularly challenging when large datasets
do not contain run-to-failure data. Without run-to-failure data, makes supervised RUL
learning difficult. Kim et al. (2024) points out that RUL datasets often struggle with data
imbalance. This is reportedly due to the fact that most time series samples correspond
to healthy states, and very few show failure progression. He et al. (2024) note that, in
many practical monitoring systems, it isn’t feasible to fit equipment with multiple sensors
because of where and how the devices operate. As a result, RUL prediction often has to
rely on a single sensor’s data, making it a key challenge to extaract a sufficient set of degra-
dation features from limited raw measurements to improve the RUL prediction accuracy.
Gong et al. (2022) emphasise that datasets should include a sufficiently diverse range of
operating states (and enough instances of each) across the full run-to-failure trajectory, or

the RUL models may not learn the underlying degradation behaviour sufficiently.

2.5.2 Industrial Equipment Complexity and Variability

Industrial equipment often operates under complex and varying operating conditions which
can lead to several challenges for PAM. Wang et al. (2020) emphasise that in practice,

industrial assets operate in complex environments where degradation mechanisms often
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deviate from generalised assumptions. Therefore, a generalised degradation model can
often not be reliably applied to industrial systems without compromising accuracy. In
addition, prognostic performance is affected by factors like the number of available sen-
sors and unit-to-unit differences, and consequently, it is difficult to configure an individual
ML model on one scenario that generalises well to other scenarios (Cheng et al., 2021).
To address domain shift between training and test distributions, studies such as Cheng
et al. (2021) highlight that a single model may perform poorly when operating condi-
tions change. Futhermore, several of the studies note that real-world systems typically
are not monotonic in degradation but can possess characteristics such as abrupt changes,
reversible wear, or differing failure modes (Winkel et al., 2023). Tanwar and Raghavan
(2020) add that discontinuities in wear-signal data can further complicate the PAM prob-
lem by subsequently increasing prediction error and confuse models trained on steady
degradation. Furthermore, Gong et al. (2022) report that RUL models often fail to fully
utilise degradation signals from correlated multi-sensor data, and Liu et al. (2024) add
that interactions between spatially distributed sensors are often not effectively captured,

leading to the loss of key degradation information during feature extraction.

2.5.3 Uncertainty and Prediction Reliability

Although machine learning (ML) algorithms (particularly those based on neural network
architectures) have demonstrated superior performance compared with traditional prog-
nostics methods for inferring degradation information, they are widely reported to lack the
the capability for quantifying predictive uncertainty and reliability (Rivas et al., 2022).
He et al. (2024) adds that due to the noise in sensor signals and variability in model pa-
rameters, single-point RUL prediction does not often meet maintenance decision making
requirements. Tanwar and Raghavan (2020) emphasise that providing only point esti-
mates is a limitation for risk-informed predictive maintenance planning, since uncertainty

information is needed beyond a single predicted RUL value.

2.6 Synthesis of Literature

This section synthesises the main findings in the SLR presented in Appendix A. Specifi-
cally, it consolidates the findings for data used in literature for RUL prediction, predictive
models used, feature extraction, optimisation and hyperparameter tuning, performance

evaluation, and future research directions.
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2.6.1 Data Used for RUL Prediction

The SLR reported that studies made use of both synthetic data as well as real world
industrial equipment. As identified in section A.5 55% of the studies used synthetic data.
Of this it was notably skewed to one 'bench mark’ dataset referred to as C-MAPSS which
is sensor data related to the simulation of turbofan engines (where 94% of the related
studies made use of C-MAPSS). The real world data showed more variety and consisted
from bearings, on Mill Etch Tooling, Lithium-Ion Batteries and several other various forms

of industrial equipment.

The large number of researchers who have relied upon the C-MAPSS for RUL predictions
has motivated its selection for the study as it it has provided an industry-wide benchmark.
The dataset was subsequently selected for this study. Chapter 3 provides more detail on
the C-MAPSS dataset.

2.6.2 Predictive Modelling Approaches for RUL Prediction

The results in section A.7 indicated an notable preference for using neural-network-based
approaches based predictive modelling methods for RUL predictions. More than two
thirds of all studies relied upon an ANN or RNN. Of the studies utilising ANN models,
71% of them used Dense ANNs. Of those studies employing RNNs, 61% of them used
LSTMs. A further 11% of the studies made use of the Gaussian Process Regression
(GPR) model, 8% of the studies employed ESNs and another 6% each employed GRUs
and Transformers. All other forms of prediction methodology combined represented only
9%. These studies demonstrated that a very high proportion of RUL research has been
focused on developing neural-network based models of various types, and in particular,

recurrent and dense network architectures.

This prevalence in literature motivated the use of Dense ANN, LSTM, GRU, and Trans-
former architectures among the neural-network baseline models investigated in this study.
However, the SLR also showed that broad comparisons across different modelling families
were less common, with studies more frequently comparing variants within a particular
model family. In particular, simpler regression-based approaches such as MLR, regu-
larised regression, and polynomial regression were not prominent among the RUL predic-
tion approaches identified in the review. Moreover, tree-based approaches such as RF and
XGBoost were also less frequently investigated as primary RUL predictors. This further

motivates the investigation of this models alongside the neural-networks.
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2.6.3 Feature Extraction

The SLR identified substantial use of feature extraction (FE). Of all identified FE ap-
proaches, CNN-based methodologies represented the majority and TCNs and AEs repre-
senting additional, but less utilised forms of FE. The majority of the remaining approaches
were unique to the studied works. Additionally, the reviewed prediction models used in
combination with other models often employed hybrid architectures where the input data
underwent some form of feature extraction prior to processing via the RUL predictor. For
example, there existed a notable number of combinations employing CNN-based FE with
both LSTM-based and Dense-ANN based predictors. The prevalence of CNN, TCN, and
AE-based FE in the reviewed literature provided the motivation for investigating these

three approaches as feature extractors in the present study.

2.6.4 Optimisation and Hyperparameter Tuning

The SLR showed a strong preference for the Adam optimiser in RUL-related modelling,
with Stochastic Gradient Descent (SGD) being the next most commonly applied approach
(refer to section A.8). This indicates that adaptive gradient-based optimisation is widely
used for training neural-network-based RUL models. The prevalence of Adam in the
reviewed literature supported its use for the neural-network baseline and hybrid feature-

extraction models investigated in this study.

A wider range of approaches was identified for hyperparameter tuning. Grid Search (GS)
was the most frequently used method, appearing in 40% of the reviewed studies, while Ge-
netic Algorithms (GA) and manual tuning each appeared in 10%. Bayesian optimisation
and Random Search were also applied within the reviewed literature (refer to subsec-
tion A.9.3). The frequent use and simplicity of GS supported its use for the regression
models investigated in this study, where only a small number of hyperparameters required
optimisation. However, its exhaustive nature becomes increasingly computationally ex-
pensive as the number of hyperparameters increases. Subsequently, Bayesian optimisation
through Optuna was selected for the tree-based and neural-network models with larger
hyperparameter search spaces to provide a more computationally practical alternative to

exhaustive GS for the models with high-dimension of hyperparameters.

2.6.5 Performance Evaluation

The results in section A.10 indicated that the majority of RUL prediction research focused
on performance evaluation in terms of accuracy (or error) based on predictive accuracy.
Specifically, out of the 30 studies included in the SLR, accuracy/error-based metrics were
used in all but two studies. Of these metrics, Root Mean Squared Error (RMSE) was the
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most widely reported metric, and it was referenced in twenty of the thirty studies. The C-
MAPSS scoring function was another widely used metric for measuring model performance.
On the other hand, there was very little focus placed on assessing the overall performance
of RUL models using other performance indicators. For example, only eleven of the studies
reported training times, four studies assessed model reliability and fit and generalisation

and interpretability was only evaluated in 2 or and fewer studies.

The above-mentioned results were an important factor in developing multiple complemen-
tary evaluation methods for assessing the performance of the developed models. As stated
earlier, RMSE is used as the primary method for evaluating model prediction error, as
well as for model selection. This is because RMSE has been established as a commonly
used metric for evaluating prediction error within the RUL field. Additionally, MAE and
the C-MAPSS scoring function are used as supplementary metrics to evaluate prediction
error and assess the impact of both early and late RUL predictions. The coefficient of de-
termination (R?) is also used to evaluate model fit. Finally, training times are measured
to evaluate model computational efficiency. Furthermore, the SLR indicated that the
literature provided limited assessment of model robustness under reduced levels of train-
ing data, with only one of the reviewed studies explicitly evaluating performance across
several reduced training-data levels. This provided further motivation to systematically
evaluate the selected models across progressively smaller training-data scenarios, as well

as to develop a metric for assessing prediction accuracy across the RUL lifecycle.

2.6.6 Future Research Directions

The SLR also identified recurring future research directions within the RUL prediction
literature. Of the 30 reviewed studies, 26 proposed future work, resulting in 46 identified
recommendations. The most frequently proposed directions were the application of models
to new domains and subdomain adaptation, each accounting for 13% of the identified
recommendations. Model uncertainty and further investigation of hyperparameter tuning
each accounted for 9%, while practical application accounted for 7%. Other recurring
recommendations included TL, anomaly detection, and equipment-specific investigations
(refer to section A.11).

The recommendations indicate an emphasis on improving the generalisability and prac-
tical applicability of RUL prediction approaches. In particular, the prominence of new-
domain application, subdomain adaptation, and transfer learning suggests that the ability
of models to retain performance across different operating conditions, equipment, and data
distributions remains an important research concern. Similarly, the recommendations re-
lating to model uncertainty and practical application indicate a need to assess RUL models
beyond predictive accuracy alone and to better establish their reliability under realistic

operating conditions.



Chapter 3
Data Set Selection and Analysis

This chapter describes the dataset selected for the experiments conducted to address the
research questions outlined in subsection 1.1.5. First, the criteria that guided the selection
of the dataset are presented. Next, the Commercial Modular Aero-Propulsion System
Simulation (C-MAPSS) dataset collection is introduced to discuss the key components
and how its variants are defined by different combinations of operating conditions and

fault modes. This is followed by an exploratory data analysis of the datasets.

3.1 Dataset Selection Criteria and Motivation

To ensure that the research questions can be answered (subsection 1.1.5), that the ex-
periments are reproducible, and that the results can be interpreted relative to previous
PdM/RUL work, the selected dataset should meet the following requirements:

Reql Publicly available and widely used as a benchmark in the literature.
Req2 Supports supervised RUL learning from run-to-failure trajectories.

Req3 Contains sufficient data to enable systematic training-size reduction for investi-

gating data scarcity.

Req4 Provides variants that differ in operating conditions and/or fault modes so that
transfer learning can be investigated under significant domain shift between the

source and target.

45
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3.1.1 Dataset Identification and Motivation

The NASA Prognostics Centre of Excellence (PCoE) has developed a large collection
of benchmark datasets accessible via its data repository (NASA, 2025). The repository
spans diverse application areas, including biological cultivation, materials fatigue testing,
and accelerated ageing of power-electronics, alongside other instrumented test-beds with
multivariate sensor measurements and ground-truth condition indicators. Several of the
datasets in this repository fall into specific categories that can be used for RUL prognostic
experiments. As an example, the repository milling machine category contains a series of
machining trials that are able to fail under different feed rates, speeds, and depths of cut,
with tool degradation monitored through the measured VB (flank wear) in the inserts.
Additionally, the battery category of the repository contains charge/discharge Li-ion ex-
perimental results from trials performed at a variety of temperatures. The degradation of
the batteries was monitored by tracking the changes in impedance as a function of tem-
perature. As another example, the repository contains a bearing category consisting of
bearing run-to-failure tests, which will allow both condition monitoring and the study of
degradation progression, and thus enable the modelling of RUL using vibration and other

sensor measurement variables.

The selected dataset for this study is the National Aeronautics and Space Administration
(NASA) Prognostics Centre of Excellence (PCoE) Commercial Modular Aero-Propulsion
System Simulation (C-MAPSS) turbofan engine dataset collection. C-MAPSS is widely
used in PAM/RUL research (refer to the findings in section A.5) and is commonly treated
as an established benchmark for RUL prediction studies (Ramasso and Saxena, 2014;
Liu et al., 2025; Hatipoglu and Yilmaz, 2025). Additionally, C-MAPSS was selected
because it satisfies the requirement to support supervised RUL learning from run-to-failure
degradation trajectories. In particular, the publication of the C-MAPSS data set notes
that, in the training set, faults increase in magnitude until the system fails and that the
test set is accompanied by a vector of RUL values (Saxena et al., 2008a). This subsequently
enables an objective evaluation of the RUL prediction models. Furthermore, C-MAPSS is
organised into numerous independent engine trajectories and includes significant trajectory
counts for each subset (Mao et al., 2022). This makes controlled training-size reduction
experiments possible by subsampling at a per-engine/trajectory level. In addition, C-
MAPSS provides multiple dataset variants with different operating conditions and fault
modes (refer to section 3.2) which enables TL-based experiments under significant domain

shifts between source and target subsets.
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3.2 Commercial Modular Aero-Propulsion System Simula-
tion (C-MAPSS)

C-MAPSS is a simulation software used by NASA PCoE to simulate large turbofan en-
gines. MATLAB and Simulink (MathWorks) were used to create the environment. The
simulation framework has several adjustable input parameters that allow for the input
of varying values for (among others) the operational profile, closed-loop controllers, and
environmental conditions (Saxena et al., 2008b). Figure 3.1 shows the main components

of a turbofan engine.
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Figure 3.1: Simplified cross-sectional view of the internal structure and components of a

typical commercial aircraft engine, adapted from Wickert and Lewis (2017).

A turbofan is built similarly to a turbojet engine around the core (where air is compressed,
mixed with fuel, and combusted, then expanded through a rear nozzle to produce thrust)
(Wickert and Lewis, 2017). However, a turbofan engine also incorporates large fan blades
driven by the engine so that thrust is produced by both the exhaust jet and the fan.
As seen in Figure 3.1, the core consists of multiple compressor stages driven by a shaft

connected to the turbine along the centreline of the engine. The fuel-air mixture burns in
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the combustion chamber, and the resulting high-pressure, high-temperature gas expands
through the turbine, producing enough power to drive the compressor, with the remaining

energy contributing to the thrust (Wickert and Lewis, 2017).

C-MAPSS simulates a turbofan engine plant with an integrated control system consisting
of a fan speed controller and limit regulators that enforce operating constraints. The simu-
lator provides 14 inputs, including fuel flow and 13 health-parameter inputs, which enable
the simulation of fault and deterioration effects across the engine’s five rotating compo-
nents (the fan, low-pressure compressor, high-pressure compressor, high-pressure turbine,
and low-pressure turbine) (Saxena et al., 2008b). Table 3.1 summarises these C-MAPSS

inputs used to represent degradation scenarios for the simulated engine components.

Table 3.1: C-MAPSS inputs used to simulate degradation scenarios across rotating engine

components, adapted from Saxena et al. (2008b).

Input (degradation modifier / control)

Fuel flow

Fan efficiency modifier

Fan flow modifier

Fan pressure-ratio modifier

Low-Pressure Compressor efficiency modifier

Low-Pressure Compressor flow modifier

Low-Pressure Compressor pressure-ratio modifier

High-Pressure Compressor efficiency modifier

High-Pressure Compressor flow modifier

High-Pressure Compressor pressure-ratio modifier

High-Pressure Turbine efficiency modifier

High-Pressure Turbine flow modifier

Low-Pressure Turbine efficiency modifier

High-Pressure Turbine flow modifier

The outputs that measure the system’s response are comprised of 21 sensors (refer to
Table 3.2. These sensor readings measure key engine operating conditions, including

temperature, pressure, and rotational speed, across multiple internal components.
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Table 3.2: C-MAPSS sensor parameters provided to participants.

Symbol Description (Units)
1 Total temperature at fan inlet (°R)
S2 Total temperature at LPC outlet (°R)
S3 Total temperature at HPC outlet (°R)
S4 Total temperature at LPT outlet (°R)
S5 Pressure at fan inlet (psia)
S6 Total pressure in bypass duct (psia)
7 Total pressure at HPC outlet (psia)
Sg Physical fan speed (rpm)
Sg Physical core speed (rpm)
$10 Engine pressure ratio, P50/P2 (-)
S11 Static pressure at HPC outlet (psia)
S12 Ratio of fuel flow to Ps30 (pps/psi)
13 Corrected fan speed (rpm)
S14 Corrected core speed (rpm)
S15 Bypass ratio
S16 Burner fuel-air ratio
S17 Bleed enthalpy
S18 Demanded fan speed (rpm)
S19 Demanded corrected fan speed (rpm)
20 HPT coolant bleed (lbm/s)
21 LPT coolant bleed (Ibm/s)

The C-MAPSS collection has four publicly available datasets, each operating under dif-
ferent operating conditions and fault modes. Table 3.3 shows the high-level difference

between these datasets.

Table 3.3: Overview of C-MAPSS sub-datasets and experimental setup.

Operating Fault X . .
Dataset . Train engines Test engines
conditions modes
FD0O01 1 1 100 100
FDO002 6 1 260 259
FD003 1 2 100 100
FD004 6 2 249 248
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The most significant differences between these datasets relate to the number of faults
that occur simultaneously and the number of operating conditions simulated. FD001 and
FDO003 both operate under a single operating condition, representing one combination
of altitude, Mach number, and throttle settings, while FD002 and FD004 simulate en-
gines under six distinct operating conditions. The Operational settings are presented in
Table 3.4 below.

Table 3.4: Operational settings in the C-MAPSS dataset.

Operational Setting Notation Physical Quantity
Operational Setting 1 081 Altitude
Operational Setting 2 089 Mach Number

Throttle Resolver Angle

Operational Setting 3 0s3 (TRA)

Each of the datasets has both a training dataset that can be used to develop models
and a test dataset used to evaluate them. For the scope of this study, FDOO1 is used
to conduct cross-model evaluations across different training-data fractions. Additionally,
FDOO01 is used as the target dataset for transfer learning, with FD002 and FDO003 serving
as the source datasets. Section 3.3 provides a more detailed view of the dataset through
an exploratory data analysis of FD001. For a comparison of feature distributions across
FDO001, FD002, and FD003 to examine the potential domain shift, refer to subsection 5.4.1.
For more detailed information on the simulator and experimental setup used to generate
C-MAPSS, the reader is referred to the publication by Saxena et al. (2008b).

3.3 Data Preparation and Exploratory Data Analysis.

This section discusses how the data was prepared to be used in the experiments. More-
over, it presents an exploratory data analysis (EDA) by visualising the maximum cycles
(representing the start of each engine’s life), sensor feature trends, feature distributions,
and the correlation between features and the target RUL. The raw data are stored in text
files divided into training data, which consists of a matrix containing all sensor feature

values and sequential life cycles, as well as the labelled RUL set.

Unlike the training trajectories, the C-MAPSS test trajectories are truncated before EOL.
The accompanying RUL file provides one true RUL value for each test engine, correspond-
ing to the final observed cycle of that engine (at any random point in time of the observed
engine). To obtain a true RUL value for each preceding observed cycle, the RUL trajectory

was reconstructed as
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RUL!S" = RUL; i1 + (CI55, — Cy5) (3.1)
where RUL,; fina1 is the RUL supplied by C-MAPSS for the final observed cycle of test
engine 1, C’f;slgx is the final observed cycle of that engine, and Cj ; is its cycle at index j.

As with the training labels, the reconstructed test RUL values were subsequently capped

at 125 cycles.

The raw C-MAPSS data are provided as separate training and test datasets containing
the engine-cycle observations and corresponding sensor measurements. The procedures

used to prepare these data for the ML models are summarised in Figure 3.2.

Data Ingestion * Target Labeling Feature Preprocessing

[Cleaning -> Structuring] _’g [Calculation-> Capping] [Standardisation]

!

Data Partitioning Sequence Preparation

—>
[Split - Train, Validation, Test] [Temporal Windowing]

Figure 3.2: Preprocessing Steps for the C-MAPSS dataset.

Firstly, the data are read into usable data frames (2-dimensional mutable data structure),
and the features are then labelled according to the convention shown in Table 3.2. The
training dataset does not contain the RUL labels for the engines; however, it does contain
the sequential cycles until complete degradation has been achieved. Therefore, the RUL
can be calculated through Equation 3.2 and since the training set is full run-to-degradation
data (the last point of the trajectory is defined as the EOL), it can be calculated through
Equation 3.3:

RUL,: = CiroL — Cij, Cij < CipoL, (32)
K 0, Cz',j > Ci,EOL-

RUL;; = Cjmax — Cij (3.3)

where RUL;; is the RUL of the engine 7 at the cycle index j, C; gor, EOL cycle threshold
for the engine 7; used to define the point at which RUL;; = 0, C; ; represents the time
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step (cycle) of the engine 7 at the index j and, C;max represents the maximum observed

cycle count (final) for the engine i on the run-to-failure trajectory.

RUL values early in an engine’s operational life can be arbitrarily large. During this
initial healthy operating stage, degradation is limited, and the system may exhibit little
degradation-related information from which to reliably distinguish between high RUL
values (Zhang et al., 2018; Zhao et al., 2020). Zhang et al. (Zhang et al., 2018) further
note that estimating RUL before the onset of observable degradation has limited practical
value. Therefore, piecewise-linear RUL representations are commonly used, in which the
RUL is held at a maximum value during the healthy operating stage and decreases once
degradation becomes evident (Zhang et al., 2018; Zhao et al., 2020). Following Jin et al.
(2022), a piecewise linear representation is used in this study, with the maximum RUL
capped at 125 cycles. Therefore, all training samples that have RUL values over 125 cycles
are set with target labels equal to 125. This subsequently clips the labels of 30.3% of the
FDOO01 training data which operate in a healthy state. To avoid data leakage, the effects
on the number of RUL labels on the true labels on the test set are only discussed in the

results chapter.

To avoid data leakage, the effects on the number of RUL labels on the true labels on the
test set are only discussed in the results chapter. The training dataset consists of 100
engine unit degradation trajectories, which make up a total of 20,631 operational cycles

for all engines. Figure 3.3 shows the maximum cycle for each engine.

Maximum Cycles (Time to Failure)
—_ —_ N N
o [42] o (4]
o o o o

3
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Engine Unit

Figure 3.3: Maximum operational cycles per engine unit in the FD001 training dataset.

Figure 3.3 shows substantial variability in engine lifetimes, with maximum operational
cycles ranging from approximately 100 to 350 cycles across the 100 engine units. The

mean operational lifetime is 206.3 cycles.

The features are provided in a predefined order without column headers. For conven-
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tion, sensors are denoted as s, where n € {1,2,...,21} denotes the n-th sensor fea-
ture, as shown in Table 3.3. Moreover, the operating settings are denoted as os; (where
i € {1,2,3}) as shown in Table 3.4. Specifically, FD0OO1 operates under a single operat-
ing condition representing a combination of altitude os;, Mach number osg, and throttle
settings osz. The evolution of four representative sensor evolutions across their RUL is
shown in Figure 3.4. To view all the sensors readings over RUL, refer to Appendix Section
Figure B.1
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Figure 3.4: Evolution of four representative sensors (s1, s2, s7, s14) over RUL, illustrating

distinct degradation patterns.

Four degradation trends are observed across the sensors. Sensors si, S5, Sg, S10, S16, S18
and s19 show constant trends throughout their useful life. Therefore, these sensors will not
provide degradation-related information and are unlikely to contribute to the prediction
of the RUL. A second group of sensors se, S3, S4, Sg, S11, S13, S15 and s;7 demonstrate
a negative correlation with RUL, showing increasing values as RUL decreases (i.e., as
the engine approaches failure). In contrast, sensors sy, si2, Sg0, and sg; show a positive
correlation with RUL, showing decreasing values as RUL decreases. sensors sg and siy4
show high variability and increasing spread as RUL approaches zero. This indicates a
weaker correlation with RUL and potentially provides less information for degradation

prediction compared to the more strongly correlated sensors. Figure 3.5 visualises the
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correlation of these features through a correlation matrix.
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Figure 3.5: Correlation matrix of C-MAPSS sensors and RUL for the FD0O01 training

dataset.

It is observed that s11 (the HPC outlet) shows the strongest negative correlation with RUL
(—0.78). s12 (Ratio of fuel flow to Ps30) shows the strongest positive correlation with RUL
(0.75). Several other sensors also display strong correlations with RUL, indicating that
these sensors may contain useful degradation-related information. In contrast, sensors such
as sg (Total pressure in bypass duct) and the constant features show little to no correlation

with RUL and are therefore less likely to contribute useful degradation information.

To interpret the correlations relative to RUL it should be noted that C-MAPSS repre-
sents component deterioration through changes in component flow capacity and efficiency,
which subsequently alter the thermodynamic behaviour of the engine system Saxena et al.
(2008a). Subsequently, degradation can influence the measured quantities in the engine
including, including compressor pressures (ss7 and ss11), turbine temperatures (ss4), fuel-

related quantities (ss12), bypass behaviour (ss15), and turbine cooling flows (ss20 and sgo1).
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The directions observed in Figure 3.5 are consistent with degradation trends previously
reported for C-MAPSS ((Hong et al., 2020)). Specifically, the static pressure at the HPC
outlet (sq11), LPT outlet temperature (ss4), and bypass ratio (ss15 increase as degrada-
tion progresses, whereas total pressure at the HPC outlet (sq7), the ratio of fuel flow to
HPC outlet static pressure (ss12), HPT coolant bleed (ss20), and LPT coolant bleed (sso1)
decrease. Since RUL decreases as degradation progresses, sensors that increase towards
failure will show negative correlations with RUL. On the other hand sensors that decrease

towards failure shows positive correlations.

3.3.1 Data Preprocessing

As can be seen by Figure B.1, each sensor reading has varying levels of minimum and
maximum ranges. To more easily visualise this, Figure 3.6 shows the distributions of the

4 representative features (refer to Figure B.2 to see all 21 sensor distributions).
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Figure 3.6: Distribution of the C-MAPSS FD001 Representative Sensors.

As can be observed, the ranges and magnitudes of these features can differ significantly.
For example, s7 records the total pressure at the HOC outlet (measured in psia) with

readings ranging from 550 to 556 psia. In contrast, s; records the corrected core speed,
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measured in rotations per minute (rpm), which operates on a completely different scale,
ranging approximately from 8,100 to 8,250 rpm. It should also be noted that sensors such

as s; is constant in the FD001 dataset which is why there is no observed variance.

These differences in sensor units and magnitudes require the need for standardisation (Li
et al., 2024). This is because when a feature has a variance and magnitude that are
much larger than others, it can dominate the objective function, making it difficult for
ML models to learn (scikit-learn, 2025). Standardisation was applied using the Standard
Scaler function from the scikit-learn library. For the constant feature standardisation was
still applied, however, since the feature has zero variance, the transformation only centres

its constant value at zero and does not alter its variability.

For reference, the adapted formula is presented in Equation 3.4.

d Skij — Mk
Szt,ij = 7”% (3.4)

where s, ;; is the sensor value k£ for the engine ¢ in cycle j, szt?j is the standardised sensor

value, pg is the mean of the sensor k and oy, is the SD of the sensor k

It should be noted that, to ensure that there is no data leakage, the standardisation
parameters (u andoy) were calculated from the training set only and applied to both

training and test sets (Apicella et al., 2025).

After the data was standardised, the training set was then split into a training and val-
idation set using 80/20 hold-out splits, respectively. The validation set will be used for
model selection and hyperparameter tuning, while the training set is used for the actual
model training responsible for weight updates during optimisation (Cho et al., 2024). To
implement this, the scikit-learn train_ test _split method was used with the random__state
set to seed 42. It should be noted that Including observations on the same subject in both
the training and test sets results in data leakage (Brookshire et al., 2024). Therefore,
when splitting the training and validation set, the same principle is applied, and thus the
implementation is done at the engine (subject) level as opposed to a time unit (cycle)

level.

Since the engine degradation data are cyclic, an additional preprocessing step is required,
namely temporal windowing of the data. This is specifically necessary for the sequential
models that will be trained on the data. This method, also known as the sliding window,
is necessary to construct sample data that meet the vector input requirement of sequen-
tial models such as LSTM (Yang et al., 2022). To implement this step, an overlapping
window of 30 consecutive cycles with a stride of 1 was used. Each window captures sensor
measurements over the temporal range, and the final time step serves as the target label.

For the test set, each sliding window was therefore assigned the reconstructed true RUL
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value corresponding to the final cycle of that window. The window size of 30 cycles was
selected based on practices in previous research (Shi et al., 2023; Ensarioglu et al., 2023)

and is maintained as a fixed hyperparameter.



Chapter 4

Overview of the Methodology

This chapter presents the experimental methodology used to perform the RUL prediction
experiments. The chapter discusses data preparation, baseline architecture development,
and implementation of a four-phase experiment. The four phases are designed to progres-
sively explore the RUL prediction performance under data limitations. The first three
phases involve supervised learning models. In phase 1, 17 models from 3 different model
families (classical regression, tree-based, and neural-network-based) are evaluated. Then,
FS techniques are used to lower the dimensions of the training sets, and representative
baseline models are trained on those sets. In phase 3, FE is then implemented on the
selected feature sets. The final phase involves several learning techniques. Specifically,
supervised fine-tuning techniques are evaluated. In addition, source-only transfer learn-
ing is investigated, as well as the unsupervised domain adaptation strategy DANN. All
models are trained using the varying training samples with a constant validation set for

evaluation. Figure 4.1 presents an overview of the experimental design workflow.

o8
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4.1 Data Preparation

The first stage is data preparation. This includes the actual identification of a dataset
that meets the criteria to achieve the research objectives. As discussed and motivated in
subsection 3.1.1 the C-MAPSS dataset has been identified as an appropriate dataset to
be used for research. For a detailed overview of the data set, refer to Chapter 3. The
chapter also provides the steps used to prepare the data, including structuring, labelling,

standardisation, temporal windowing, and splitting.

After the data-splitting step, a validation and training set are retrieved. The validation set
specifically contains the degradation trajectories of 20 engines (3,490 observations), and
the training set contains 80 (14,241 total observations). These trajectories have complete
degradation (until the EOL is reached). However, the test set is provided separately. This
set is put aside and will only be used after all models have been trained, validated, and
selected. To prevent data leakage, no exploratory data analysis is done directly on the test
set (to simulate the reality in which these data have never been seen prior to development).
However, section 3.3 provides an EDA of the training dataset; in addition, the metadata
from the data repository (NASA, 2025) where the test set was retrieved specifies that
the test set consists of 100 other engine units that only experience partial trajectories (do
not necessarily reach EOL). This simulates a real-world operation in which the currently
observed data are previously unseen and the degradation trajectory constitutes a stochastic

realisation within the unit’s life-cycle process.

After preprocessing, the training set is incrementally reduced to allow systematic testing
of the performance of the models under limited training data. Specifically, training is
conducted at multiple engine counts differing by 10 units (80, 70, 60, ... , 10 engines), and
to focus on limited-data scenarios, additional counts differing by one engine (9, 8, 7, ... ,

1 engines).

The data subsets were selected at the engine-unit level using a fixed random seed of 42.
The same randomly generated engine ordering was used for models. Moreover, the subsets
are nested such that each smaller subset was contained within the preceding larger subset.
For example the 9-engine subset was contained within the 10-engine subset. This is done
to ensure that there is a controlled progression in which the amount of available training
data scenarios was reduced. For reproducibility, the source code used for preprocessing
can be accessed on GitHub (Maré, 2026).

It is acknowledged that, at very small engine counts, the observed performance may de-
pend on the characteristics of the particular engine units retained. Since only one nested
sequence of engine subsets was evaluated, the variability associated with alternative en-
gine selections was not quantified. Repeating experiments across multiple independently

sampled engine subsets therefore is proposed for future work.
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For the supervised experiments, namely the baseline, F'S, FE, and fine-tuning transfer
learning approaches, the training data were reduced together with the corresponding RUL
labels. Therefore, each reduced training condition still contains both the input sequences
and their associated target labels. The corresponding number of training observations
available at each engine-count condition differs depending on whether the model uses the
non-recurrent representation or the recurrent windowed representation. These counts are

summarised in Table 4.1.

Table 4.1: Number of observations available at each engine-count condition.

Engines Non-windowed observations Windowed observations
(for non-recurrent models) (for recurrent models)

80 16,561 14,241
70 14,434 12,404
60 12,304 10,564
50 10,558 9,108
40 8,666 7,506
30 6,511 5,641
20 4,415 3,835
10 2,182 1,892
9 1,906 1,645
8 1,647 1,415
7 1,493 1,290
6 1,286 1,112
5 1,092 947
4 862 746
3 666 979
2 503 445
1 216 187
20 4,070 3,490

(Validation) ’ ’

100 (Test) 13,096 10,196

The original test data (FD001) for the final model evaluation remained the same as the
other training data scenarios. The non-windowed representation is evaluated based on
13,096 individual cycle observations. The sequential representation was evaluated on
10,196 overlapping 30-cycle observation windows with a stride of one. This means that

there is one prediction per test window for the last predicted RUL. As such, all 100 trajec-
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tories from the test engine were included in the two representations. Therefore, while the
non-windowed and sequential representations used the same test engines as inputs, they

had different number of observations due to their input representations.

For the unsupervised domain adaptation experiment using DANN, the target-domain-data
is also reduced according to the same engine-count conditions. However, the corresponding
target-domain labels are withheld during training and are only used for validation and
final evaluation. Therefore, the DANN implementation reflects the unsupervised domain
adaptation scenario, where labelled source-domain data are available, but target-domain

adaptation is performed using unlabelled target-domain input.

To ensure fair comparison, every condition (80, 70...1 engines for training) is evaluated on
a fixed validation set that consists of 20 engines (where each engine is observed through
sequential life cycles until EOL). Therefore, the differences in validation metrics and their
relationship to the reduction in training data are more interpretable since the validation

set serves as a control.

4.2 Baseline Architecture and Hyperparameter Tuning

For the scope of this study, 17 algorithms from three different families (regression, tree-
based, and deep learning) are selected to train on the data. For regression, MLR, Ridge,
Lasso, ElasticNet, and polynomial (2nd and 3rd degrees). RF, XGB, and LGBM are
selected to represent the tree-based family. Lastly, for the deep learning algorithms, namely
ANN, RNN, LSTM, BiLSTM, GRU, CNN, TCN, and Transformer.

Before the phased experiments are executed, a baseline configuration phase is conducted.
The goal of this phase is to determine a single fixed architecture for each algorithm (17
in total). These architectures are then kept constant for all subsequent conditions (i.e.,
across the different training data size ranges). In this way, the hyperparameters and model
choice function as controls so that any performance differences can be interpreted more
clearly as arising from the amount of training data and the type of algorithm. Thus, this
phase sets a baseline set of architectures and hyperparameters that can be applied in later

experimental phases and used as a baseline for evaluation.

The hyperparameter search was carried out using the GS or the Optuna optimisation
framework. For all baseline models, 100% of the training data (80 engines) together with
the same fixed validation set of 20 engines was used to evaluate the hyperparameter con-
figurations, with validation RMSE used consistently as the model-selection criterion. To
save computational costs and allocate more resources to the more promising combinations
of hyperparameters, pruning was used (May et al., 2022). Since each algorithm differs

in architecture, the search spaces were defined independently on each. For details of the
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implementation of each model, see subsection 5.1.1.

The output of the baseline architecture set-up, for each of the 17 algorithms, is a selected
architecture baseline and one set of hyperparameters. These hyperparameters are selected
using the full 80-engine training condition and are subsequently reused without retuning
across the reduced training-data conditions. This was done deliberately to keep model
configuration fixed so that changes in performance across the engine-count scenarios could
be interpreted primarily in relation to the amount of available training data. However,
subsequently it should be acknowledged that this also means that the selected hyperpa-
rameters are not necessarily optimal for each lower-data condition. These configurations

are used and remain unchanged for the baseline and FS phases.

4.3 Feature Selection

The second experimental phase is FS. Its purpose is to evaluate whether reducing the
dimension of the dataset will affect the performance of predicting degradation as training
data becomes more scarce. The models used in this phase are a subset of the baseline
models validated in the Baseline phase. For the scope of this study, a ranking procedure

is used to select the best representative baseline models to be used for the FS phase.

Two F'S approaches were applied. Firstly, a correlation-based filter method was used. This
approach involves assessing the Pearson correlation between the features and the target
(RUL). A threshold is then used to filter out all features whose correlation falls below
that value. The second FS approach used is RF importance. Similarly for this approach,
a threshold importance value is defined, and all features with an importance score below
this threshold for the prediction of RUL are removed.

FS is performed on the full training dataset (80 engines) so that a single feature set per
method is constant. The same baseline model architectures developed in section 4.2 were

subjected to the feature set.

4.4 Feature Extraction

The FE phase focuses on implementing different FE layers into the existing baseline deep-
learning model architectures. The FE layers include AE, CNN, and TCN, three widely
used algorithms for FE (refer to section A.6). The models in this phase subsequently
have hybrid architectures in which AE, CNN, and TCN form the extractor layer and the
baseline serves as the predictor. Since these models have a wider hyperparameter search
space (extractor and predictor), the model is trained only on the dataset selected with the

highest performing features. Moreover, the hyperparameter architecture of the baseline
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model is conserved, whereas the extractor layer’s hyperparameters are tuned in this phase.
Once tuned, the extractor hyperparameters are fixed, and the model is trained across the

same engine counts (80, 70, ... 1) and evaluated with the fixed validation set.

4.5 Transfer Learning

The fourth experimental phase investigates whether TL can improve the RUL prediction
performance on the FD0O01 dataset when the training data are limited. As discussed in
section 2.4, TL can be approached in several different ways. This study specifically inves-
tigates 5 different TL approaches. This includes three supervised fine-tuning approaches,

a source-only transfer approach, and DANN training.

4.5.1 Supervised Transfer Learning

All three supervised fine-tuning techniques require that the target training dataset (FD001)
has labelled RUL values. Among the three approaches, the first is full fine-tuning, where
the entire pretrained model (on source data FD002 or FD003) is fine-tuned on the target
dataset. The second approach involves an adaptive layer fine-tuning approach, where all
layers are frozen after training, and only the output (dense layer) is trained on the target
data. The third approach involves pretraining both the hidden and output layers on the

source data set and then progressively unfreezing them to adapt to the target.

4.5.2 Unsupervised Domain Adaptation

Since real-world PdM scenarios do not always have labelled training data available, two
additional transfer learning techniques are explored. This includes source-only transfer
learning, which simply involves pretraining the model on the source dataset and then
performing the inference on the target dataset. This approach relies on the assumption
that the domains of the source and target datasets are similar since there are no adaptation

layers.

Therefore, the DANN architecture is also implemented because it is designed to adapt to
the target domain through unsupervised adversarial training. To implement DANN, this
study follows the architecture proposed by Da Costa et al. (2020). In addition, the neural-
network architecture selected during the validation phase is also implemented within the
DANN framework to assess whether it improves performance relative to the LSTM-DANN
architecture used in the original study. The hyperparameters for the DANN architecture

are discussed in the following Implementation and Validation chapter (Chapter 5)
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4.5.3 Model Validation and Hyperparameter Tuning

A key step in selecting a model is the validation phase. Validation is the process of
assessing whether the model reliably captures the relationship between measured data
and predictive variables (Lopez et al., 2023). Lopez et al. (2023) notes that a common
oversight in ML pipelines is that not enough importance is given to the ”crucial stage of
validation”. They further emphasise that it can lead to models that appear promising but

are actually the result of poorly designed cross-validation procedures.

Cross-validated predictive performance is frequently used to estimate or adjust the auxil-
iary parameters of ML models, often referred to as hyperparameters (Yates et al., 2023).
In contrast to the model parameters, which are directly derived from the data during the
training process, hyperparameters are parameters that are set manually outside of a learn-
ing algorithm (Pfob et al., 2022; Okuno et al., 2021). Unlike model parameters, which
are directly learnt from the data during training, hyperparameters are set manually and

control the learning process externally before training.

There are a variety of approaches to use to optimise these parameters through a pro-
cess commonly referred to as hyperparameter tuning. As identified in the SLR the most
common approach is the exhaustive GS method section A.9. The benefit of using this
approach is that it is simple in implementation and explores every possible combination
of the hyperparameters. This is a practical fit for the models investigated in this study
with a small set of hyperparameters, and was subsequently selected as the tuner for the
regression models. However, the key limitation to this approach is that models with a
high range of hyperparameters will take impractically long to exhaustively search each

combination, and therefore a more efficient strategy is required.

As shown in A.13, common alternative approaches for PAM include the GA (subsec-
tion A.9.2), BOA (subsection A.9.3), random search (subsection A.9.4) and manual tun-
ing. The SLR discusses the application of each of these approaches. For the overview of
theory, recall section 2.3. As motivated in section 2.3.1 an optimiser framework showing
significant promise in studies called Optuna is also an approach to tune hyperparame-
ters. Due to its advantage in implementation and efficiency, it has been selected as the

hyperparameter tuning algorithm for models with many possible combinations.

For the supervised transfer learning and source-only experiments, the source-domain mod-
els use the same optimised hyperparameters selected during the Phase 1 baseline architec-
ture development. This ensures that the transfer learning experiments are based on the
already validated GRU architecture, rather than introducing a new independently tuned
architecture for the source-domain training. The fine-tuning approaches then use a reduced
learning rate, set to 10% of the original learning rate, to allow the pretrained weights to

adapt more gradually and reduce the risk of catastrophic forgetting (Howard and Ruder,
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2018). For DANN experiments, domain-adversarial hyperparameters are taken from Da
Costa et al. (2020) rather than independently tuned. This is due to the complexity of
tuning DANN architectures and ensures that the DANN implementation is reproducible
and that the selected settings are based on an existing RUL domain-adaptation study

rather than being chosen arbitrarily.

Typically, these approaches require a metric to assess if the hyperparameter selection is
converging to an optimal combination (or, in the case of GS, to identify the best combina-
tion). The Root Mean Squared Error (RMSE) metric is selected as the metric used for the
hyperparameter selection stage. Although validation results are computed for all evalua-
tion metrics, the model-selection and hyperparameter-selection decisions are presented in
the implementation and validation chapter (Chapter 5 are based on RMSE. Therefore, all
models are selected according to the same error-based criterion, while the complete evalu-
ation across all metrics is presented in the Results section (Chapter 6). The motivation for
using RMSE is its tendency to penalise larger errors more heavily (Kollintza-Kyriakoulia
et al., 2018). This is a desirable characteristic for RUL applications such as C-MAPSS
in aircraft maintenance, where large prediction errors could lead to unexpected failures.
For critical engineering systems such as aircraft, accurate prediction of RUL is important
to reduce costs and ensure system reliability and prevent disasters (Tang et al., 2019).

RMSE can be expressed as follows:

RMSE = | ~ > (i — ) (4.1)

where y; is the true value, g; is the predicted value, n represents the total number of
observations used in the evaluation, and (y; — §;)? is the squared prediction error. The
reason why this metric penalises large errors more proportionally is because the error term
is squared and therefore the errors grow quadratically as it increases (Chai and Draxler,
2014).

Since RUL is measured in engine cycles, RMSE is also expressed in cycles and provides a
indication of the magnitude of the prediction error. For example, an RMSE of 10 indicates
that the predicted RUL values typically deviate from the true RUL by approximately 10
cycles in magnitude, whereas an RMSE of 18 indicates considerably larger deviations
of approximately 18 cycles. Therefore, lower RMSE values correspond to more precise
estimates of the remaining operating life, although RMSE should not be interpreted as a

strict error bound for every individual prediction.
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4.5.4 Evaluation Metrics

RMSE also serves as a key metric to evaluate the prediction performance of the selected
models. However, due to its characteristic, it has the limitation of biassing the results to
outliers (Chai and Draxler, 2014). Moreover, simply assessing the performance of a model
based on a single metric is not sufficient. Metrics for evaluating prognostic algorithms
should also consider their impact on downstream PdM decisions, as these RUL predictions

form the basis for optimising maintenance planning (Kamariotis et al., 2024).

Therefore, the evaluation methodology uses several additional metrics. As shown in sec-
tion A.10, a wide range of metrics used in PdM research have been identified. These
cover accuracy/error metrics (refer to subsection A.10.1) and also assess computation ef-
ficiency subsection A.10.1, reliability metrics (subsection A.10.3), fit (subsection A.10.4),
generalisation (subsection A.10.5), interpretability and operational effectiveness (subsec-
tion A.10.6).

For the scope of this study, only the most commonly used metrics are used to cover the
accuracy /error performance of the model, assess the fit, and consider the computational
cost. Specifically, RMSE, mean absolute percentage error (MAE), and a scoring function
commonly referred to as the C-MAPSS score. The C-MAPSS score proposed by NASA
(2008) was used to evaluate RUL prediction performance. The score applies a larger
penalty when the predicted RUL is higher than the true RUL than when it is lower. The

scoring function is derived as follows (taken from Gao et al. (2023)):

Score = { 31 h=g;—y, (4.2)
j=1

Where §); is the predicted RUL, and what y; is the actual RUL of the jth sample, and
a1 and a9 are constants that control the sensitivity of the score depending on whether it
h is positive or negative. In other words, the scoring function (SF) weights the impact
of under- and over-predictions, where smaller errors yield smaller score values, indicating

better model performance.

Further metrics used in this study includes the coefficient of determination (R?) is used to
assess the fit. The training time (measured in seconds) quantifies the computation cost of
each algorithm. For domain adaptation experiments using DANN, an additional metric is
also reported, namely domain classifier accuracy. This metric measures how accurately the
domain classifier can distinguish between the feature representations of the source-domain
and the target-domain. Values closer to 0.5 indicate stronger domain confusion, since this

suggests that the domain classifier is unable to reliably separate the two domains and that
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the feature extractor has learnt more domain-invariant representations.

AUC-RMSE

This study also introduces an evaluation measure referred to as AUC-RMSE. To the best
of the author’s knowledge, the specific metric has not previously been reported in the PdM
literature. This metric was developed in response to response to the unequal distribution
of observations across the RUL range, particularly the concentration of observations at the
capped RUL value of 125 cycles. It was also motivated by Hyndman and Koehler (2006),
who evaluated forecast accuracy separately at different forecast horizons before aggregat-
ing performance across the complete forecasting horizon. Whereas their proposed Mean
Absolute Scaled Error (MASE) supports comparisons across time series with different
scales, AUC-RMSE applies the related principle of evaluating error at different positions
in the prediction domain to the RUL lifecycle.

AUC-RMSE is intended to be used alongside RMSE. to provide additional insight into
model performance across the RUL range. Conventional RMSE gives each test obser-
vation equal influence. Therefore, if a large proportion of observations is concentrated
within a particular region of the RUL range, prediction accuracy, then that region has
a greater influence on the overall RMSE. In the present study, the RUL cap results in
a comparatively high concentration of observations at 125 cycles (where the engines are
considered healthy). A model that performs well within this densely populated early-life
region may therefore obtain a favourable overall RMSE even when its performance is less
consistent across the mid-life or near-end-of-life regions where RUL prediction becomes

more important for PdM.

However, AUC-RMSE calculates prediction errors within predefined intervals and gives
each interval equal influence on the final score. To interpret AUC-RMSE ,as with conven-
tional RMSE, lower values of AUC-RMSE indicate better predictive performance, while

higher values indicate a greater prediction error across the RUL range.

Figure 4.2 shows a conceptual illustration of the AUC-RMSE metric.
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AUC-RMSE e Partition into Bins
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Figure 4.2: Conceptual illustration of AUC-RMSE

The AUC-RMSE is motivated by the idea of averaging the RMSE over the RUL range.

In continuous form, this can be written as

AUC-RMSE = / " RMSE(r) dr (4.3)
0

T'max

In this study the lower limits 7y, = 0 and a2 = 125 cycles. However, since the available
RUL samples are finite, RMSE(r) cannot be reliably estimated at every value of r cross
the continuous RUL range. The RUL range is therefore divided into K bins (Bj, ..., Bxg),
and an RMSE value, denoted by RMSEy, is computed for each bin using all samples whose
true RUL falls within that bin.The bin edges used in this study are

[0, 10, 20, 30, 40, 50, 60, 70, 80, 90, 100, 125], (4.4)

This includes 11 total bins used. The first 10 bins cover 10 cycles, while the final bin spans
from 100 to 125 cycles.This wider final bin was chosen to limit the influence of the densely
populated high-RUL region on the unweighted average. This design choice supports the
use of AUC-RMSE alongside conventional RMSE by giving relatively greater emphasis to

prediction performance in the lower RUL regions (which are less represented in the data).

Each bin is left-inclusive and right-exclusive, except for the final bin, which includes the

upper boundary of 125 cycles. The bins are therefore defined as

[0,10), [10,20), ..., [90,100), [100,125]. (4.5)

For each bin By, an RMSE value is calculated using all test observations whose true RUL

value falls within that bin:
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1 A
RMSE; = [-— > (wi— 9% (4.6)
k i:y; € By

where ny is the number of observations in bin By, y; is the true RUL value, and ; is
the corresponding predicted RUL value. In the context of sequential models, the sliding
windows are considered individually when evaluating both aggregate and lifecycle-specific
performance using the metrics. Subsequently, the multiple overlapping sliding windows
that originated from the same engine are evaluated independently and do not have average
or weighting applied at the engine level. Each of the individual windows is then classified
by lifecycle category based on the true RUL value at the last cycle number of the window
in question. All such values with the same classification are then aggregated together to

compute the corresponding bin specific RMSE.

The overall AUC-RMSE is then obtained by assigning equal weight to each bin and cal-

culating the arithmetic mean of the bin-level RMSE values:

K
1
AUC-RMSE = — ; RMSE;, (4.7)

where I is the set of bins containing at least one test observation.

It should be noted that AUC-RMSE as a single metric value loses important information.
Therefore, a complete picture of the distribution of the RMSE values across the bins is
obtained by plotting the RMSE}, values against the RUL range. The plot reveals the shape
of the curve, whether the error distribution is skewed, and where the accuracy is highest
and lowest. This then more explicitly shows at which point in the engine lifecycle the RUL

prediction models perform best and where they struggle.

However, due to the scope of this work, it is impractical to show and discuss the AUC-
RMSE plots for every model and training-data condition. In total, the experimental design
includes 31 model configurations: 17 baseline models, 6 feature-selection baseline models, 3
hybrid feature-extraction models evaluated on two feature-selected datasets, and 5 transfer
learning models. Each of these configurations is also evaluated across multiple levels of
training-data (see Table 4.1). Therefore, the AUC-RMSE plots are used selectively in
the results chapter (Chapter 6), where representative models with the strongest test-set

performance are analysed in more detail.

Moreover, to consolidate the findings across the different training-data levels, the results
are grouped according to broad data-availability ranges. Specifically, performance is sum-
marised across the 80 to 40 engine range, 40 to 20 engine range, 20 to 10 engine range,
10 to 5 engine range, and 5 engines and less than. Therefore, the results are presented in

terms of high-data, moderate-data, low-data, very-low-data, and extremely limited-data
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conditions, rather than discussing every individual engine-count condition separately for

each model (recall Table 4.1 for all data availability scenarios).

Furthermore, it should be noted that the interpretation of AUC-RMSE will depend on
the width of the bins chosen for each lifecycle. Smaller bins provide a more detailed
understanding of how prediction errors vary throughout the lifecycle, however, smaller bins
can result in less stable RMSE values as there will generally be fewer data observations
included in any one interval. Larger bins will provide a more general overview and may
obscure small scale variations in performance. In particular, as the width of the bins
increase, AUC-RMSE will begin to represent the overall view provided by traditional
RMSE. For example, if only a single bin which spans the entire RUL range was used,
then AUC-RMSE would have been equivalent to the traditional RMSE. Moreover, it is
acknowledged that the exact AUC-RMSE values and the rankings of closely performing
models could change under alternative bin widths. Therefore, a systematic empirical

sensitivity analysis across multiple bin widths is identified as an area for future research.



Chapter 5

Implementation and Validation

The training and validation stages form a fundamental part of a ML pipeline. Using the
same dataset for both model selection and performance evaluation can introduce optimistic
bias in estimates of generalisation ability. During training, model parameters are learnt
from the data by minimising a defined objective function, while hyperparameters control
the learning process by controlling aspects such as model complexity and optimisation
behaviour. These choices have a direct impact on the model’s ability to generalise to

unseen data.

As described in Chapter 4, the C-MAPSS dataset is split into three subsets, namely, a
training set, a validation set, and a test set. The results presented in this chapter do not
reflect the true generalisation performance of the models, as they are based on training and
validation procedures used for model selection and hyperparameter tuning. The evaluation

on the held-out test set is presented in the subsequent chapter (Chapter 6).

All experiments were conducted on a system equipped with a 12th Gen Intel Core i7-
12700H processor, 16 GB of RAM, and an NVIDIA GeForce RTX 3060 GPU. The im-
plementation was carried out using Python 3.10.16, with GPU-accelerated training used,
where supported, through CUDA. The principal software packages included NumPy, pan-
das, scikit-learn, XGBoost, Light GBM, TensorFlow, and Optuna. Furthermore, the git
repository at (Maré, 2026) contains the main experimental source code, data-processing

scripts, configuration files, and software dependency requirements used in the experiments.

To control for stochastic variation and to be able to produce repeatable experimental
results, a single fixed random seed (RANDOM_SEED = 42) was used throughout the imple-
mentation of the experiments. This fixed seed was used for Numpy, tf-kernels of tensorflow,
Python’s random module, all random_state parameters of applicable scikit-learn classes,
and Optuna TPE samplers. Engine-subset sampling and other stochastic preprocessing

operations also used this fixed seed. Each neural network configuration at each experimen-
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tal condition was trained once with evaluation using this fixed seed. Due to the wide scope
of the experiments, which included over 280 model trainings/evaluations across multiple
model configurations and data-availability conditions, repeating the complete experimen-
tal design over several random seeds was not computationally viable within the scope
of the study. A supplementary sensitivity analysis was therefore conducted across five
different random seeds for selected representative models and data-availability scenarios,
as presented in subsection 6.6.6. This analysis provides an indication of the variability

associated with stochastic training.

5.1 Baseline Degradation Modelling

This section aims to establish a benchmark by evaluating models from three families
(classical regression, tree-based, and neural-networks) in their baseline forms under pro-
gressive training data limitations. Therefore,to achieve the sixth objective (refer to sub-
section 1.1.4) , this chapter examines how fundamentally different algorithms perform as
data becomes scarce, without any additional feature-engineering steps. Subsequently, this
enables a controlled baseline evaluation. Each baseline algorithm is trained using between
80 and 10 complete engine degradation trajectories, in steps of 10, and between 10 and 1

trajectory, in steps of 1 (17 data settings per model).

This phase requires 289 experiments (17 models are each evaluated under 17 training data
availability configurations). In addition, the hyperparameters of each model are tuned
once in the full training set and are kept fixed for the smaller training sets. Although
this keeps the cross-comparison of the models more controlled by using a single tuned
hyperparameter setting, it is acknowledged that the optimisation scope changes relative
to the dataset’s size. Settings where hyperparameters are retuned at smaller training
sets can potentially make individual optimisation trials less computationally intensive and
result in potentially wider exploration of parameters. Therefore, for future work, it could
be interesting to separately optimise each training data configuration and investigate how

optimisation behaviour changes as data becomes scarcer.

5.1.1 Baseline Model Implementation

The baseline models were developed in Python and several libraries were used. Scikit-
learn was used for classical regression models and RF. For neural-network-based models,
TensorFlow and Keras were used. Table 5.1 shows the summary of the 17 models and

corresponding libraries and main objects used for the implementation.
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Table 5.1: Summary of baseline models, libraries and the main objects used.

Model Library or API Implementation Object
MLR scikit-learn LinearRegression()
Ridge scikit-learn Ridge ()
Lasso scikit-learn Lasso()

ElasticNet scikit-learn ElasticNet ()
Poly2 scikit-learn PolynomialFeatures (degree=2)
Poly3 scikit-learn PolynomialFeatures (degree=3)
RF scikit-learn RandomForestRegressor ()

XGB XGBoost XGBRegressor ()

LGBM LightGBM LGBMRegressor ()

TensorFlow /

ANN Sequential () with Dense() layers
Keras
TensorFlow /
RNN layers.SimpleRNN()
Keras
T Fl
LSTM ensorFlow / layers.LSTM()
Keras
TensorFlow /
GRU layers.GRU(Q)
Keras
. TensorFlow / o )
BiLSTM layers.Bidirectional (LSTM())
Keras
TensorF1
CNN ensorFlow / layers.ConviD()
Keras
TensorFlow / ) ) )
TCN layers.ConviD() with dilated residual blocks
Keras
TensorFlow / layers.MultiHeadAttention() within a
Transformer
Keras custom Transformer block

The regression and tree-based models are trained on the non-windowed feature repre-
sentation of the C-MAPSS dataset, while the neural-network-based models are trained
on windowed sequential inputs. Moreover, the neural-network models require the input
data to be represented as three-dimensional tensors. Tensors are data-storing objects
that can be processed by models through multidimensional array operations (Chollet and
Watson, 2025). The learning behaviour of these model families differs according to both
their underlying architecture and their training procedure (see section 2.1). In particu-
lar, the models are trained by minimising their respective objective functions, while the
neural-network-based models are optimised using the Adam optimisation algorithm during

iterative weight updating. As highlighted in section 2.3, model training is strongly influ-
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enced by the hyperparameter settings selected before training. The following subsection

discusses the implementation of the hyperparameter optimisation techniques implemented.

5.1.2 Hyperparameter Tuning Implementation

Hyperparameter tuning was performed using GS and BOA via Optuna. The tuning strat-
egy was selected based on the dimensionality of the hyperparameter search space for each
algorithm. As discussed in section 2.3, exhaustive GS becomes increasingly impractical
as the dimensionality of the hyperparameter search space increases because the number
of possible combinations grows rapidly. Models with two or fewer searched hyperparame-
ters were therefore tuned using GS, since exhaustive evaluation remained computationally
practical for these lower-dimensional search spaces. Optuna was applied to models with
higher-dimensional search spaces, where exhaustive GS would result in a substantially
larger number of hyperparameter combinations and therefore become computationally
impractical. The use of different optimisation approaches was therefore based on the size
of the respective search spaces rather than the model family itself. All algorithms opti-
mised through Optuna were subjected to 50 trials with an early stopping patience of 15
trials, and for neural-networks each trial had a patience of 10 epochs. A summary of the
number of hyperparameters explored for each model and the subsequent tuning approach

is presented in Table 5.2.

Table 5.2: The number of explored hyperparameters per model.

. Number of Searched Tuning
Family Models
Hyperparameters Method
Regression MLR, Poly2, Poly3 0 None
Regression Ridge, Lasso 1 Grid search
Regression ElasticNet 2 Grid search
Tree-based RF 5 Optuna
Tree-based XGB 7 Optuna
Tree-based LGBM 6 Optuna
Neural- ANN, RNN, LSTM, 6 Ont
Network | GRU, BiLSTM, CNN ptuna
N l-
eura TCN 5 Optuna
Network
Neural-
Transformer 7 Optuna
Network

The classical regression models involved minimal tuning. MLR does not require hyper-

parameter optimisation. For polynomial regression, second- and third-order polynomial
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basis functions were evaluated as separate predefined baseline model configurations (Poly2
and Poly3). The regularised linear model variants (Ridge, Lasso, and ElasticNet) were
tuned with respect to their regularisation hyperparameters. Specifically, the regularisation
strength a was treated as a hyperparameter for both Lasso and Ridge, while ElasticNet
also included the Ll-ratio. These hyperparameters were selected through GS based on

minimum validation RMSE.

The hyperparameter search spaces used for these models were guided by the documenta-
tion of the respective libraries, computational constraints, and preliminary training runs
conducted using only the training set. These preliminary runs were used to identify ranges
that were computationally feasible and to exclude settings that resulted in clearly unstable
training. Their purpose was therefore to establish practical search-space bounds (not final
configurations). The final search ranges were selected to provide sufficiently broad cover-
age of plausible configurations while remaining computationally practical for the number
of model evaluations required in this study. Final hyperparameter selection was sub-
sequently performed using the GS or Optuna procedures based on minimum validation

RMSE. The complete hyperparameter search spaces are provided in. (section C.1)

5.1.3 Grid Search

For the regularised linear models (Lasso, Ridge, and ElasticNet), coefficient estimation
follows the regularised objectives shown in Equation 2.3, Equation 2.4, and Equation 2.5.
Therefore, once a regularisation setting is specified, model training proceeds by minimising

the corresponding objective functions.

The hyperparameter tuning is then applied as an external selection step using an exhaus-
tive GS. For each model, predefined candidate values were specified for the regularisation
hyperparameters, and each configuration was trained on the training set and assessed on
the validation set. The selection was based on the minimum RMSE validation (see Equa-
tion 4.1), and the selected hyperparameter setting is fixed for subsequent engine-count

experiments. The tuning visualisations for these models can be seen in Figure 5.1.



CHAPTER 5. IMPLEMENTATION AND VALIDATION 7

A) Lasso B) Ridge

45 45

—e— Train RMSE
—=— Val RMSE
401+ f == Best alpha=0.001 40

—e— Train RMSE
—=— Val RMSE
----- Best alpha=0.001

35 35

RMSE

30 30

25 25

20

20 -
10° 1073 1072 1071 10° 10! 102 103
alpha

-
1073 1072

C) ElasticNet

3ISINY uoneplieA
Validation RMSE

Figure 5.1: Hyperparameter Optimisation Curve RMSE for A)Lasso, B)Ridge and C)
ElasticNet

Figure 5.1 shows the training and validation RMSE across the evaluated regularisation
strengths for Lasso and Ridge, while the ElasticNet surface shows validation RMSE across
the combined a and L1-ratio search space. Hyperparameter selection was based on the
minimum validation RMSE rather than the training RMSE, since the validation set was
used for model selection. For Lasso and Ridge, the validation RMSE is marginally lower
than the training RMSE at lower values of a. This small difference may be attributed to
differences in the characteristics of the training and validation engine trajectories, which
may result in slight differences in prediction difficulty between the two subsets. The close
correspondence between the training and validation RMSE, however, indicates that no

substantial generalisation gap is evident within this region.

Although the minimum validation RMSE occurs at the lowest evaluated regularisation
strength (o« = 0.001), Figure 5.1 shows that the improvement in validation RMSE di-
minishes as a decreases, with performance becoming relatively stable for « < 1. For
larger values of «, performance degrades significantly, particularly for Lasso, where the
L1 penalty drives the coefficients towards zero and leads to underfitting. Ridge shows more
stable behaviour across larger « values, likely due to the smoother shrinkage characteristic
of L2 regularisation. ElasticNet introduces an additional hyperparameter, the L1 ratio,

and is therefore visualised using a 3D surface. The results indicate that variations in the
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L1 ratio have minimal impact on validation performance at lower values of «, while per-
formance similarly deteriorates for larger @ values. The small differences between training
and validation RMSE at lower regularisation strengths provide no indication of substan-
tial overfitting. However, the limited improvement obtained through regularisation may
indicate that the linear models are unable to fully capture the underlying relationships in
the data.

5.1.4 Optuna

Optuna was used as the Bayesian hyperparameter optimisation framework for all tree-
based and neural-network models (see section 2.3.1 for the theoretical background). For
each model, tuning was implemented as a study that minimised validation RMSE over the
predefined search space for each model. Candidate configurations were generated using

Optuna’s Tree-structured Parzen Estimator (TPE) sampler.

Each trial consisted of model training on the training set followed by evaluation on the
validation set. The best hyperparameter configuration was selected as the trial with the
minimum validation RMSE. The high level Optuna-based hyperparameter tuning proce-

dure used is shown in algorithm 1.
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Algorithm 1: Optuna-based hyperparameter optimisation procedure

Input: Model M, search space Ay, training data Dyyqin, validation data D, trial
budget T
Output: Best hyperparameter configuration \*

Define objective function f(trial):;
Sample A € Ay using trial.suggest_* methods;
Instantiate model M (A);

if M is a neural-network then
Attach EarlyStopping(monitor=val_loss, patience=10,

restore_best_weights=True);
Attach TFKerasPruningCallback(trial, monitor=val_loss);
end
Train M (A) on Dirgin;
Compute validation RMSE on D,;;
Return validation RMSE;

Initialise Optuna study:;
Set optimisation direction to minimise;
Set sampler to TPESampler (seed=42);

if M is a neural-network then
Enable pruning using MedianPruner (n_startup_trials=10,

n_warmup_steps=b);
Use study-level early stopping callback with patience = 15 non-improving
completed trials;
else
Disable pruning (pruner=None);

end
Execute study.optimize(objective, n_trials = T);

A* < study.best_params;

algorithm 1 defines an objective function in which each trial is one hyperparameter con-
figuration. A represents the individual configuration, while A represents all possible con-
figurations. The maximum number of trails T was set at 50. For neural-network-based
algorithms, early stopping and pruning was used. The early stopping was set to 10. There-
fore, if the validation RMSE does not improve after 10 epochs, then the training stops

and the best weights is restored.

Pruning was implemented using Optuna’s median-based strategy to terminate unpromis-
ing neural-network trials based on intermediate validation performance. The starting trails
were set to 10. This prevents pruning before 10 trials have been completed. The Warm
up steps were set to 5 to ensure that each trail is trained for at least five epochs before

considering pruning. The patience for pruning was set to 15. To ensure that the trials are
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reproducible, the TPE sampler was configured with a random seed set to 42.

The complete hyperparameter search spaces for the baseline models are provided in sec-
tion C.1. Furthermore, the optimal hyperparameters found for the classical regression
models are shown in section C.2. Additionally, the hyperparameters found for the mod-
els tuned through Optuna (including tree-based and neural-network-based models) are

presented in section C.3.

The complete hyperparameter search spaces for the baseline models are provided in sec-
tion C.1. The final hyperparameter configurations selected for the baseline models are

summarised in Table 5.3.

Table 5.3: Selected hyperparameter configurations for the baseline models.

Model Selected Hyperparameters

Lasso a = 0.001

Ridge a = 0.001

ElasticNet a = 0.001; L1-ratio = 0.9

RF n_estimators = 500; max_depth = 20; min_samples_split = 14;
min_samples_leaf = 3; max_features = sqrt

XGB n_estimators = 966; max_depth = 5; learning rate =
0.010171; subsample = 0.890795; colsample_bytree = 0(.823410;
min_child_weight = 1; gamma = 1.633698

LGBM n_estimators = 409; num_leaves = 61; learning rate =
0.016729; subsample = 0.778232; colsample_bytree = 0.628778;
min_child_samples = 12

ANN n_hidden_layers = 2; units_layerl = 256; units_layer2 = 32;
dropout_rate = 0.2; learning_rate = (0.01; batch_size = 128

RNN n_recurrent_layers = 1; units_layerl = 256; units_layer2 =
128; dropout_rate = 0.5; learning_rate = 0.0001; batch_size = 32

LSTM n_lstm_layers = 1; units_layerl = 128; units_layer2 = 64;
dropout_rate = 0.1; learning_rate = (0.001; batch_size = 32

BiLSTM n_bilstm_layers = 1; units_layerl = 64; units_layer2 = 32;
dropout_rate = 0.5; learning_rate = (0.001; batch_size = 64

GRU n_gru_layers = 1; units_layerl = 256; units_layer2 = 64;
dropout_rate = 0.3; learning_rate = 0.0005; batch_size = 32

CNN n_conv_layers = 2; n_filters = 64; kernel_size = ¥5;
dropout_rate = 0.1; learning_rate = 0.0005; batch_size = 128

TCN n_filters = 32; n_blocks = 3; dropout_rate = 0.4; learning_rate
= 0.01; batch_size = 32

Transformer num_transformer_blocks = 2; d_model = 128; num_heads = 2;

ff_dim = 256; dropout_rate = 0.1; learning _rate = 0.001;
batch_size = 256
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For Lasso and Ridge regression, the regularisation strength is controlled by a. The larger
the values the greater the impact of regularisation. Lasso applies an L1 penalty, which can
shrink some coefficients to exactly zero and therefore perform implicit feature selection,
while Ridge applies an L2 penalty that generally shrinks coefficients without eliminat-
ing them. Notably, both models selected value of o = 0.001 represents relatively weak
regularisation implying that stronger regularisation was not beneficial for validation. Fur-
thermore, Elasitc net is also seen to select the same value for v = 0.001 (L2 penalty)
and selected L1 ratio of 0.9 places substantially greater emphasis on the L1 component

(although the overall regularisation remains weak).

The tree-based models have higher-dimensional hyperparameter spaces, with RF, XGB,
and LGBM having 5, 7, and 6 tuned hyperparameters, respectively. A common parameter
across all three models is n_estimators, which controls the number of trees included in
the ensemble. The RF is configured to grow trees to a maximum depth of 20 levels through
max_depth=20, while min_samples_split=14 further constrains tree growth by requiring
at least 14 samples in a node before it can be split. Similarly, min_samples_leaf=3 re-
quires each resulting leaf to contain at least three samples which will prevent the formation
of leaves based on very small numbers of observations. The max_features=sqrt config-
ures RF to calculate the square root of the available features. XGB selected 966 boost-
ing trees with a maximum depth of 5 levels. The relatively low learning_rate=0.0102
means that each successive tree makes only a small adjustment to the prediction thats
accumlilated. The subsample=0.8908 configuration means that each tree is trained us-
ing approximately 89% of the available training samples. In addition the hyperparameter
colsample_bytree=0.8234 limits each tree to approximately 82% of the available fea-
tures. Then the min_child_weight=1 sets the minimum weight required in a child node.
The gamma specifies the minimum reduction in the XGB objective required before an ad-
ditional tree split is accepted. Therefore, a candidate split is only created if it improves
the objective by at least 1.6337. LGBM selected 409 boosting trees with a maximum of
61 leaves per tree. The relatively low learning_rate=0.0167 means that each successive
tree makes a comparatively small contribution to the accumulated prediction (similar to
XGboost. Furthermore, the subsample=0.7782 setting uses approximately 78% of the
training observations for sampling, while colsample_bytree=0.6288 limits each tree to
approximately 63% of the available features. Then the min_child_samples=12 requires

each leaf to contain at least 12 observations.

For LSTM, BiLSTM, and GRU, the same six hyperparameters were tuned. This includes
the number of recurrent layers, number of units, dropout rate, learning rate, and batch
size. All three selected a single recurrent layer, although they differed in the number
of units used. The LSTM selected 128 units, while the BiLSTM selected 64 units and
the GRU selected 256 units. A larger number of recurrent units generally increases the
representational capacity of the model, but also increases the number of trainable param-

eters and therefore the computational cost of training. Therefore, when interpreting the
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training time metrics of these models this should be taken into consideration. Moreover,
although the BiLSTM appears comparatively small, it processes the input sequence in
both the forward and backward directions, meaning that its computational cost is higher
than the number of units alone may suggest. The LSTM is configured with the lowest drop
out rate of 0.1, meaning that 10% of the relevant activations are randomly dropped (in
order to prevent overfitting). BiLSTM notably has the highest drop out rate of 0.5. The
learning rates for both LSTM an d BiLSTM were configured at 0.001 with batch sizes (the

number of observations processed before each weight update) of 32 and 64 respectively.

CNN and TCN had 6 and 5 hyperparameters tuned respectively. The CNN selected
two convolutional layers with 64 filters and a kernel size of 5. This means that each
convolutional layer learns 64 filters, with each filter examining a local window of five time
steps at a time. The selected dropout rate of 0.1 provides relatively limited regularisation.
The of CNN was tuned to a learning rate of 0.0005 with batch size of 128. The TCN
selected 32 filters across three TCN blocks. Increasing the number of blocks increases the
depth of the network and allows the dilated convolutions to capture temporal relationships
over a wider receptive field. The selected dropout rate of 0.4 applies stronger regularisation
than that selected for the CNN. The TCN also selected a substantially larger learning
rate of 0.01 and a smaller batch size of 32 which means its weights will be updated more

frequently using smaller groups compared to the CNN configurations.

For the Transformer, the selected configuration consisted of two Transformer blocks with
a model dimension of 128, two attention heads, and a feed-forward dimension of 256. The
two attention heads will allow the model to learn different relationships between positions
in the input sequence and the model dimension of 128 controls the size of the internal
feature representation processed by the Transformer. A dropout rate of 0.1 provides rela-
tively limited regularisation. The selected learning rate was 0.001, while the comparatively

large batch size of 256 means that each weight update is calculated using 256 observations.

Figure 5.2 shows the total optimisation time taken for each algorithm.
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Figure 5.2: Total hyperparameter tuning time per algorithm using Optuna

From Figure 5.2, it is evident that neural-network-based models generally require substan-
tially longer hyperparameter optimisation times compared to tree-based models. This is
expected, as neural-networks are trained iteratively over multiple epochs using gradient-
based optimisation, where as tree-based models rely on decision tree construction and

ensemble methods such as bagging and boosting.

BiLSTM took the longest time of 12.56 hours to optimise followed by GRU and LSTM
taking just under 8 Hours. In particular, despite GRU being considered an efficient variant
of LSTM (recall section 2.1.3), it took roughly the same amount of time. However, this
is largely due to the best hyperparameters selected for GRU compared to LSTM, where
LSTM used 128 units in the first hidden layer, while GRU used 256, making it a larger
model. Furthermore, a longer time for BiILSTM is expected due to the process sequences
in both forward and backward directions, which effectively doubles the computational
requirements, although its first and second layers are only 64 and 32 units. ANN and
CNN models demonstrate significantly lower optimisation times relative to the recurrent
architectures. This is consistent with their structural properties, as feed-forward networks
are simpler in which they do not maintain temporal state, and convolutional architectures
involve parameter sharing and local connectivity, which results in more efficient compu-
tation (recall section 2.1.3 and subsection 2.2.1, which discusses the theory of ANN and
CNN, respectively). Moreover, TCN and Transformer models also show comparatively
efficient optimisation behaviour. Tree-based boosting models, particularly XGBoost and
Light GBM, showed the lowest optimisation times, with average trial durations of only a

few seconds.

The hyperparameter optimisation trajectories for the neural-network and tree-based al-
gorithms are shown in Figure 5.3. The x-axis represents the trail number and the y-axis
shows the RMSE validation score, where each plot represents the ’best-so-far’ validation

score. The faint scatter plots show the validation RMSE values of all individual trails.
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Figure 5.3: Best-so-far validation RMSE versus Optuna trial for tree-based and neural-

network models

As seen in Figure 5.3, most models converge within the first 5 to 15 trials. The tree-
based models plateau quickly, with all three models reaching a final best-so-far validation
RMSE just below 17. In contrast, neural-network models show stronger overall validation
performance. The best-performing models, including Transformer, LSTM, BiLSTM, and
GRU, achieve validation RMSE values below 12. Most curves plateau before approxi-
mately 40 trials, and thus the use of a T' = 50 trial budget for the Optuna search is
validated as sufficient. Although the validation curves for the tree-based models are less
competitive than those of the neural-networks, they still considerably outperform the lin-
ear models in terms of RMSE validation (Figure 5.1). This provides further evidence that
the linear models struggle to capture the non-linear relationships in the data compared
with tree-based and neural-network models. Notably, the ANN converges quickly but
performs more comparably to the tree-based models than to the recurrent and sequence-
based neural-networks. This suggests that modelling the temporal structure is important
for the C-MAPSS degradation task.
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5.2 Feature Selection

For the FS phase, a representative group of baseline models is used. The selection is based
on the RMSE validation ranking in the full 80-engine training environment (14241 total
observations), while also retaining at least one model from each model family. Table 5.4

shows the selected models implemented in this phase.

Table 5.4: Baseline validation RMSE results at 80 engines with 14 241 total observations.

Validation Selected for
Rank Model Model Family RMSE Phase 2
1 GRU neural-network 11.2926 Selected
2 Transformer neural-network 12.1872 Selected
3 BiLSTM neural-network 12.1931 Selected
4 LSTM neural-network 12.4308 Selected
5 RNN neural-network 12.7659 Not selected
6 CNN neural-network 14.8829 Not selected
7 TCN neural-network 15.1109 Not selected
8 ANN neural-network 16.6305 Not selected
9 XGB Tree-based 16.7183 Selected
10 LGBM Tree-based 16.7487 Not selected
11 RF Tree-based 16.8257 Not selected
12 Poly2 Regression 18.5711 Selected
13 Poly3 Regression 18.6070 Not selected
14 Lasso Regression (linear) 20.4109 Selected
15 MLR Regression (linear) 20.4109 Not selected
16 Ridge Regression (linear) 20.4109 Not selected
17 ElasticNet Regression (linear) 20.4110 Not selected

The RMSE validation results show evidence that the RNNs respond best on the C-MAPSS
dataset, with GRU performing the best with a validation RMSE of 11.29. All neural-
network-based models outperformed tree-based models (with ANN slightly behind XG-
Boost). Linear regression models performed the weakest of all families. In particular,
Lasso, MLR, and Ridge had the same score, indicating that regularisation was not neces-
sary. Polynomial regression models outperformed linear models, but increasing the degree
of polynomial did not improve performance and led to poorer results compared to tree-

based models.

The neural-network models selected for this phase were therefore GRU, Transformer, Bil-
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STM and LSTM. To assess how other model families respond to feature reduction, XG-
Boost, Poly2 and Lasso were also included as representative tree-based and regression

models for further experimentation.

5.2.1 Correlation-based Feature Selection

The exploratory analysis in section 3.3 specifically Figure 3.5 (Correlation matrix of C-
MAPSS sensors and RUL for the FDO0O01 training dataset) showed that several C-MAPSS
sensor measurements have stronger linear associations with RUL than others. After rank-
ing the features, each absolute correlation value was divided by the sum of all absolute
correlations to obtain its proportional contribution. The cumulative sum of these propor-
tions was then used to retain the highest-ranked features until 99% of the total absolute

correlation strength was captured.

This resulted in the selection of 14 of the original 24 input sensors and operational setting
features (refer to Table 3.2 for all sensor parameters and Table 3.4 for operational settings).

The selected features include:
{s11, 54,12, 57,515, s21, s20, s17, s2, $3, 58, 513, s9, s14}.

This subset contains the features that are most strongly correlated with RUL and excludes
those with weak correlations. The resulting lower-dimensional dataset is then used to train

the chosen baseline models.

5.2.2 Tree-based feature selection

Pearson correlation captures only linear relationships and, therefore, may exclude features
with non-linear relationships with RUL. Therefore, the use of RF as a FS method is also

explored.

To implement this, the Sklearn RF Regressor object is used. The parameters were set
at n_ estimators = 100, max_ depth =10 and Random seed = 42. Figure 5.4 shows the

importance scores for each feature.
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Figure 5.4: Ranked Random Forest feature importance scores for the FD0OO1 training

dataset

From Figure 5.4 it is evident that s11 (Static pressure at the HPC outlet) is the feature
that contributes significantly more importance than the other characteristic relative to
the target RUL. To determine which other features contribute enough to be selected, a

cumulative importance threshold of 99% was used. This resulted in 12 selected features:

{511, 59, s4, 512, s7, 514, s15, s21, 513, s2, 53, s20}

In particular, the tree-based approach selected the same features as the correlation-based
method but excluded s;7 and sg. The exclusion of sg and s17 from the RF-selected subset
does not imply that these measurements contain no degradation information, as both

were retained by the correlation-based approach and showed degradation-related trends
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during exploratory analysis. Rather, they provided less additional importance within the
fitted RF model. Specifically, sg represents the regulated physical fan speed, while sq7
represents bleed enthalpy and provides a more indirect indication of HPC degradation

than the strongly selected compressor-pressure measurements.

The selected features showing particular importance to the s11 (HPC outlet) makes sense
due to FDOO1 containing a single simulated fault mode of high-pressure-compressor (HPC)
degradation. Since C-MAPSS represents component deterioration through changes in
component flow capacity and efficiency, which then alter measurable engine quantities, it
is physically reasonable that an HPC-outlet pressure measurement is highly sensitive to
degradation occurring in the HPC itself. Moreover, since deterioration of compressor flow
capacity and efficiency affects the pressure and thermodynamic response of the engine, the
strong importance assigned to this measurement is physically plausible. The selection of
other measurements related to HPC pressure (s7), turbine temperature (s4), fuel-related
behaviour (s12), bypass behaviour (s15), and turbine cooling flows (sgo and s21) is also

consistent with the response of the engine to progressive component degradation.

5.2.3 Feature Selection Validation

The selected models from Table 5.4 were trained on the two subset of features. Table 5.5
shows the RMSE validation results.

Table 5.5: Validation RMSE at 80 engines across feature selection methods.

Model Baseline Correlation_ FS Tree_FS
GRU 11.293 11.802 11.542
Transformer 12.187 11.760 12.006
BiLSTM 12.193 12.087 11.923
LSTM 12.431 12.020 11.925
XGB 16.718 16.751 16.862
RF 16.826 16.822 16.894
Poly2 18.571 18.543 18.615
Lasso 20.411 20.479 20.526

In all models, the differences in RMSE are small (generally within 0.1-0.4), suggesting that
F'S methods have a limited impact on predictive performance for this data set. No method
consistently outperformed all models. Correlation FS performs best for Transformer, RF,
and Poly2, while Tree based FS slightly outperforms for LSTM and BiLSTM. Despite
the insignificance in RMSE the FS does add the benefit of reducing the dimension of the

dataset which, in turn, speeds up the training time for the models. Figure 5.5 shows the
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training time for each of the selected models.
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Figure 5.5: Training time comparison for selected models at 80 engines using the full
24-feature baseline, the 14-feature correlation-based subset, and the 12-feature Random

Forest importance subset.

From Figure 5.5 it is evident that FS significantly reduced training time for the neural-
network models. Although the validation RMSE differences between the two FS methods
were small, the correlation-based subset was selected for subsequent experiments. This
subset retains 14 features versus 12 for the tree-based method, which preserves two addi-
tional sensor signals that may capture additional degradation information but still achieves

substantial reductions in training time.

5.3 Feature Extraction

Based on the RMSE validation results, it is evident that in terms of accuracy, the neural-
network-based models have considerably outperformed the tree-based and classical re-
gression models. In addition, through FS, the dimension of the dataset could be reduced,
resulting in a significant reduction in training time. A further advantage of neural-network
models is that FE can be directly integrated into the architecture. These FE layers are
jointly trained with the prediction layers through backpropagation.

Of the neural-network models, GRU shows the most promising validation results (as it
obtained the lowest validation RMSE of all models and the lowest training time of the

neural-network-based models). Therefore, the influence of feature extractors (FE) on the
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GRU predictor is investigated. Specifically, CNN-GRU, TCN-GRU, and AE-GRU hybrid

architectures are implemented.

The hyperparameters found in the baseline model phase are kept fixed for the GRU pre-
dictor. Only the FE layer was tuned using Optuna over 30 trials, with validation RMSE
as the optimisation objective. The selected extractor configurations were then fixed, and

hybrid models are evaluated across all subsets of training engine-count.

5.3.1 CNN-GRU

Convolution-based extractors are designed to detect short-term structures in the sensor
signals. Convolutions provide a shift-invariant extraction of features, which means that
these local degradation patterns can be detected regardless of the exact position within the
input sequence (Krcek et al., 2024). This is an advantage, as degradation does not always
occur at the same time-step for every engine. However, the convolution-based extractor
learns long-term dependencies due to its limited receptive field (Zeng et al., 2023). The
GRU component is a suitable prediction layer as it focuses on modelling the temporal
dependencies as well as the sequence evolution. Due to its gate components, it has the
ability to use long-term memory to learn how information accumulates over time and,
subsequently, how the earlier degradation signals relate to failure (recall section 2.1.3,
for an overview of the GRU architecture). Figure 5.6 shows the hybrid architecture flow
diagram implemented for CNN-GRU.
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Figure 5.6: CNN-GRU architecture, training and hyperparameter tuning flow.

Similarly to the baseline GRU model, the hybrid CNN-GRU architecture receives a 3D
tensor of dimension batch size x time steps x features. The batch size is a hyperparameter
taken from the baseline GRU and fixed at 32. The time steps correspond to the global

window length used when the series was sequenced, 30, and the feature dimension is the 14
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sensors kept after correlation-based FS. A full mini-batch therefore has the shape 32 x 30
x 14. Sliding the window over the training trajectories produces 14,241 training sequences,
each of shape 30 x 14; during optimisation these are grouped into mini-batches of size 32,
giving 14,241 / 32 = 446 parameter-update steps per epoch (the last step uses whatever

sequences remain after the full batches).

The batches are first inputted into the FE, which consists of convolutional layers and a
pooling layer. The configuration of the feature extractor is tuned by Optuna through four
hyperparameters, namely, the number of convolutional layers, filters, kernel size, and if
pooling should take place. The number of filters is the number of convolution kernels used
in a CNN layer. The kernel size determines the window length that the filter looks at one
time. If pooling is selected, then that layer reduces the dimensionality before passing it
to the GRU.

The hyperparameters obtained from the tuning of the baseline GRU are used. The con-
volutional FE outputs a sequence of feature vectors Z;, where each vector represents local
temporal patterns at time step t. These vectors are fed sequentially into the GRU, which
updates its hidden state h; by combining the current input Z; with the previous hidden
state hy—1. The learnt feature representation is then mapped to a single continuous RUL

prediction value through a linear activation.

Similarly to the GRU baseline experiments, each Optuna trial is trained for a maximum
of 100 epochs with early stopping (patience set to 15). Mean Squared Error (MSE) is used
as the loss function, and the gradients are computed through backpropagation, with the
Adam optimiser jointly updating the weights of both the FE (CNN) and the sequential
model (GRU). After either 100 epochs are reached or early stopping is triggered, the next
Optuna trial is performed. The subsequent trial uses the validation RMSE with Optuna’s
Bayesian-based optimisation to determine the next CNN hyperparameter configuration to

evaluate within the specified search space.

5.3.2 TCN-GRU

The TCN-GRU architecture follows a similar design; however, the FE is replaced by dilated
CNNs, which is designed to capture longer-range temporal dependencies through dilations
(recall subsection 2.2.2, for the conceptual discussion of the TCN architecture) before the

GRU receives the sequence. Figure 5.7 shows the following.
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Figure 5.7: TCN-GRU FE architecture.
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The TCN layer consists of a TCN stack that performs the forward pass through four dila-
tion units. The dilation rates are set as fixed parameters of 1, 2, 4, and 8, respectively, and
this entire dilation stack is repeated according to the tuned hyperparameter num_ blocks.
Each residual dilation unit functions to sequentially increase the receptive field and consists
of two layers of causal convolutions and SpatialDropoutl1D layers. In addition, the units
contain a residual shortcut connection that adds the block input back to the transformed
output. Since activations within convolutional feature maps are often strongly correlated,
standard element-wise dropout may regularise them ineffectively (Tompson et al., 2015).
Therefore, SpatialDropoutlD is used in TCN blocks to drop entire feature maps rather
than individual activations, which promotes greater independence between learnt feature

maps and reduces co-adaptation (TensorFlow, 2024). Causal convolution is implemented
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by setting the padding configuration to causal. This prevents the leakage of information
from the future to the past (Goay et al., 2023). The resulting TCN output sequence is
then passed to the GRU.

5.3.3 AE-GRU

An AE is a neural-network used in unsupervised learning that first transforms the input
into a compact representation and then reconstructs it with the aim of matching the
original input as closely as possible (recall, subsection 2.2.3). The compact representation
(referred to as the latent representation) can help capture non-linear embeddings while
preserving the underlying structure of the data (Joas et al., 2025). Figure 5.8 shows the
AE-GRU architecture, training, and hyperparameter tuning flow.
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Figure 5.8: AE-GRU architecture, training and hyperparameter tuning flow.

The implemented AE-GRU architecture contains a time-distributed AE (which indepen-
dently encodes and decodes each time step from the input sequence) FE. The encoder
applies a dense feed transformation to each time step. The latent representation is then
passed through to the GRU model, as well as a time-distributed decoder to reconstruct

the original features.

The difference in the training loss between the CNN-GRU and AE-GRU arises from the
different roles of their feature-extraction components. The CNN-GRU and TCN-GRU
perform supervised RUL prediction, with their feature extractors trained jointly with the
GRU using the RUL prediction MSE. In contrast, the AE-GRU includes an additional

reconstruction objective because the AE is required to learn a latent representation that
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preserves sufficient information to reconstruct the original sensor inputs. As discussed
in Equation 2.22, AE training therefore involves minimising the reconstruction difference
between the input and its reconstructed output. In the AE-GRU implementation, this
reconstruction objective is retained alongside the supervised RUL prediction objective.
Therefore, the total loss is defined as the sum of the RUL prediction MSE and a weighted
AE reconstruction MSE, following Ragab et al. (2020):

L(8) = Lyt (8) + Moreo(6) (5.1)

where Ly1(0) represents the RUL MSE loss and ALyec(6) represents the reconstruction loss
weighted by the hyperparameter A. Moreover, since the input data are three dimensions

(batch size, time window, and number of feature), the implementation is done as follows:

N

N F
1 . 1 N
Liotal = N Z(?/z - ?/i)2 + A TF Z Z Z (@it — mi,t,f)Q (5.2)

i—1 i=1 t=1 f=1

Where, Liotar is the joint objective used to train the AE-GRU model. Backpropagation
computes the gradients of Lioa with respect to all parameters of the AE and GRU, which
are then updated using the Adam optimiser. The Ly, is the addition of the RUL related
MSE and is summed by a weighted reconstruction MSE loss where N, T and F' represent
the batch size, time steps and number of features, respectively. A is the hyperparameter
multiplied by the reconstruction loss, which controls the contribution of the reconstruction
loss to the overall loss function during training. For hyperparameter selection, like CNN-
GRU and TCN-GRU, Optuna still selects the best configuration using validation RUL
RMSE.

5.3.4 Feature Extraction Validation

The full search ranges for each of the hybrid models can be seen in section C.4 and the
selected hyperparameters are shown in Table 5.6 and can also be referred to in section C.5).
After running 30 Optuna trails on each model with each trail capped at 100 epochs with 15
patience early stopping, the following hyperparameter settings were selected (Table 5.6)
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Table 5.6: Optuna-selected configurations for hybrid GRU models.

Model Selected hyperparameters

ONN.GRU conv__layers :.1; filters = 32; kernel_size = 5; pooling =
False; batch_ size = 256.

TCN-GRU num_blocks': 3; filters = 32; kernel_size = 5; dropout =
0.3; batch_ size = 32.
encoder_layers = 1; encoder__units = 32; bottleneck_dim

AE-GRU

= 4; Aecon = 0.1; batch_ size = 32.

Shared settings

Global settings

Window size = 30; feature selection method =
Correlation_ F'S; selected features = 14; Optuna trials = 30;
maximum epochs = 100; early stopping patience = 15;
activation = ReLU; optimiser = Adam.

GRU fixed settings

Units = 256; layers = 1; dropout = 0.3; learning rate =
0.0005.

95

It can be observed that relatively compact architectures were selected for all three models.

CNN-GRU is configured with a single convolutional layer with a larger batch size, whereas
both TCN-GRU and AE-GRU used smaller batch sizes. In particular, Optuna selected
the lowest bottleneck dimension (latent space) of 4 for the AE FE. Figure 5.9 shows the

original 14 feature correlation matrix compared to the compressed latent space generated

by the AE during training.
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Figure 5.9: AE-GRU correlation of 14 originally selected features
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The AE was able to find a compact latent representation of 4 features. Notably, two
of the latent features (zo and z3) were highly correlated implying that an even further
reduction of the dimension of the latent space could be possible. However, z1, which was

less correlated, and z4 shows moderate independence.

Although the AE reduced the 14 selected input features to a four-dimensional latent
representation before being supplied to the GRU, the reported AE-GRU training time
represents the total training time of the combined framework, including the additional
training of the AE. Consequently, reducing the input dimensionality of the GRU does
not necessarily reduce the overall training time. The total AE—-GRU training time was
therefore substantially longer (3m 3s) than that of the stand-alone GRU (1m 4s), as the
additional computational cost of training the AE offsets any potential reduction in the
GRU component. Of all hybrid models, the TCN-GRU had the longest total training
time at 8 minutes and 26 seconds, while the CNN-GRU reduced the training time by
approximately 20 seconds relative to the stand-alone GRU. It should further be noted that
the training time of the GRU component within the AE-GRU framework was not measured
separately; therefore, the reported values should be interpreted as total framework training

times.Figure 5.10 shows the final model training time for the pure GRU and hybrid models.
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Figure 5.10: Training durations of the selected models (80 engines) for GRU CNN-GRU,
TCN-GRU, and AE-GRU.
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Figure 5.11 shows the Optuna hyperparameter optimisation history for the CNN-GRU,
TCN-GRU, and AE-GRU models. Notably, despite the integration of FE layers, the GRU
baseline (trained on all 24 features) still achieved the lowest 'best-so-far’ validation RMSE
score during Optuna tuning. This suggests that the selected feature set may already have
been sufficiently informative for the GRU to model degradation relationships directly.
Moreover, the additional FE layers potentially only increased the model complexity with-

out yielding a corresponding validation RMSE improvement.
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Figure 5.11: Optuna hyperparameter optimisation history for the CNN-GRU, TCN-GRU,
and AE-GRU models.

5.4 Fine-tuning Transfer Learning Implementation

This section presents the implementation of transfer learning (TL) models based on fine-
tuning as part of the final experimental phase. Specifically, the best-performing baseline
model(selected based on validation RMSE), is pretrained on the source domains FD002
and FD003 and subsequently adapted to the target domain FD0O1. Validation is used for

model selection and training convergence within this phase.

Since the GRU model achieved the best RMSE validation score, it is selected as the base
architecture for TL. The GRU model is pretrained separately on FD002 and FD003 and
then each pretrained model is fine-tuned on the FDO001 target dataset. The input data used
to pretrain the models is the same set of features selected by correlation FS (14 sensors).
Therefore, homogeneous TL can be carried out as the models use the same feature space

during pretraining and fine-tuning.
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5.4.1 Maximum Mean Discrepancy Analysis

As discussed in Chapter 3 (which provides an overview of C-MAPSS), FD001, FD002,
FDO003 and FD004 are datasets collected under different operating conditions and fault
modes. These differences can result in a domain shift in the input distribution, which can
affect how suitable a source dataset is for TL. To quantify the distributional similarity
between FDO001, FD002, FD003, and FD004, MMD was computed on the same windowed

representation and the same 14 selected features used in the prior experiments.

For each dataset, the windowed training array was loaded in the form (N, T, F'), where N
denotes the number of windows, T" denotes the window size, and F' denotes the number
of selected features. The 3D training windows were then flattened into a two-dimensional
representation by multiplying the window size and the number of features, so that each
window was treated as one observation in the MMD calculation. Moreover, since the
datasets differ in size and MMD requires computationally intensive pairwise kernel matrix
calculations, the datasets were randomly sampled. Specifically, a maximum of 10,000
training windows was sampled without replacement from each dataset, using a random

seed equal to 42.

To compute MMD, the biased empirical estimate of squared MMD was used. This can be
formulated as follows, adapted from Gretton et al. (2012):

NIMD, (X, Y) = # SO k(asay) + % S5 k(i) % SOS k(). (5:3)
i=1 j=1 i=1 j=1 i=1 j=1

—2
where MMD, (X, Y") denotes the biased empirical estimate of squared MMD between sam-
ples X and Y, and k(-,) denotes the Gaussian RBF kernel, defined as:

k(a,b) = exp (—7”@ — bHQ) (5.4)

where 7 controls the kernel width and was determined separately for each dataset pair
using the median-distance heuristic described by Gretton et al. (2012). For each dataset
pair, the windowed observations from the two datasets were combined and the positive
off-diagonal pairwise squared Euclidean distances were calculated. Letting dfned denote

the median of these squared distances, the kernel parameter was calculated as:

1
242

med

gl (5.5)

This represents the median heuristic in the y-parametrisation of the Gaussian RBF kernel

and with the kernel width adapted separately to the scale of each dataset pair.
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Furthermore, z; and y; denote individual window observations sampled from the two
datasets, and m and n are the corresponding sample sizes. Therefore, MMD is computed
by substituting the population expectations with empirical averages over the sampled
observations (Gretton et al., 2012). The estimated MMD values between the C-MAPSS

dataset domains can be seen in Table 5.7

Table 5.7: Pairwise Maximum Mean Discrepancy (MMD?) values between C-MAPSS

domains using an RBF kernel.

Domain A Domain B MMD?
FD002 FD004 0.000054
FD001 FD003 0.012435
FD002 FD003 0.020084
FD003 FD004 0.020116
FD001 FD002 0.022136
FD001 FD004 0.022159

FD002 and FD004 show a MMD? value close to zero, indicating that their feature repre-
sentations are highly similar. In contrast, FD001 shows a larger domain gap to FD002 and
FD004, with MMD? values of 0.022136 and 0.022159, respectively. This large discrepancy
is expected since FD001 contains data from a single operating condition, whereas FD002
and FDO004 contain data from six operating conditions. FD001 and FDO003 also show a
discrepancy, with a MMD? value of 0.012435. This is notably larger than the discrepancy
between FD002 and FD004, even though both domain pairs differ in terms of fault-mode
only. However, relative to the other cross-domain comparisons, the FD001-FD003 dis-

crepancy is moderate.

Since FD003 shows only a moderate discrepancy from FD0O01, it is expected that TL from
FDO003 to FD0O01 may be more effective, since the source and target feature representations
are relatively more similar. In contrast, TL from FD002 to FD0O01 is expected to be more
challenging since this pair shows one of the largest observed domain discrepancies. The
following section therefore evaluates fine-tuning-based TL from both FD002 and FD003

source domains to the FD0O1 target domain.

5.4.2 Fine-tuning Implementation

The fine-tuning approaches implemented in this section follow the TL strategies discussed
in subsection 2.4.2. Specifically, full fine-tuning, layer freezing, and gradual unfreezing were
implemented. All other hyperparameters in the previously optimised GRU configuration
were retained. The three strategies are first trained on the FD002 and FDO003 datasets
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before fine-tuning on the target FD001 dataset. Figure 5.12 shows the implementation of

the three fine-tuning strategies
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Figure 5.12: Overview of the supervised transfer-learning workflow used for the GRU
model. In Step 1, the GRU model is pretrained on a source dataset (FD002 or FD003).
In Step 2, one of three fine-tuning strategies is configured: (A) full fine-tuning, where all
pretrained GRU layers remain trainable; (B) layer freezing, where the pretrained GRU
layers are frozen and only the output dense layer remains trainable; or (C) gradual un-
freezing, where training begins with the pretrained GRU layers frozen and these layers are
progressively unfrozen during fine-tuning. In Step 3, the configured model is fine-tuned
using labelled target-domain data from FDOO1. Here, Ir denotes the learning rate, while
“Frozen” and “Trainable” indicate whether the parameters of the corresponding layer are

updated during fine-tuning.

Full fine-tuning

All three fine-tuning strategies involved pretraining the source datasets (FD002 or FD003)
with the GRU baseline hyperparameter configuration. The fine-tuning layers were all
configured to train with a maximum of 50 epochs with a total of 100 epochs for training
the full fine-tuned models.

Full fine-tuning involves using a pretrained network and adapting it to the target domain.
To implement this, all pretrained layers were kept trainable. This means that during
backpropagation, the loss calculated on the target-domain-data was used to update the
weights in both the recurrent GRU layers and the final prediction layer. The model was

then recompiled using the Adam optimiser with a reduced learning rate of 0.0001. The
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feature freezing strategy involved freezing the GRU layer and adding a dense feed-forward
output layer. This dense layer is initially untrained and while the pretrained GRU is kept
frozen, the dense layer is set to trainable to adapt to FD0O01. The gradual unfreezing
strategy, on the other hand, splits the 50 epochs into 3 stages. It starts with a pretrained
dense output layer and initially is trained with a frozen GRU and a trainable output layer
for 10 epochs and a learning rate of 0.001. The GRU layer is then unfrozen with a more
gradual learning rate of 0.0005 for 10 epochs. In the last stage, the learning rate is set
to 0.0001 for a more gradual fine-tuning to FD001. The training times for each of the
fine-tuning strategies are shown in Figure 5.13.
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Figure 5.13: Training times of the fine-tuning strategies VS the GRU baseline.

The validation RMSE values of the resulting full-data models are shown in Table 5.8.

Table 5.8: Validation RMSE of GRU fine-tuning strategies using the full FD0O01 training

set.

Model Val RMSE FDO002 to | Val RMSE FDO003 to
FDoo1 FDO001
TL1 full fine-tuning 13.58 12.97
TL2 frozen GRU 19.58 14.99
TL3 gradual unfreezing 13.54 13.06

It is evident from Table 5.8 that neither of the different fine-tuning strategies is able to
improve the validation RMSE of the non-transfer GRU model under the full-data setting.
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The GRU model that is trained directly on FD0O1 (using the correlation-selected feature
set) scored a validation RMSE of 11.802, whereas all validation errors of the fine-tuned
models exceeded that. Therefore, if all 80 FDO0O1 training engines are available, then
there does not appear to be any direct validation advantage provided by the transferred
source-domain models, and they could potentially have caused negative transfer. This is
most apparent with FD002 to FDO0O01, especially in the TL2 frozen-feature strategy. As
previously noted through the use of the MMD analysis, there exists a greater domain
gap between FD002 and FDO001 than exists between FD003 and FDO0O01. In this scenario,
freezing the recurrent representation within the model appears to prevent the model from
adapting its source-domain temporal features to the target-distribution of FD001. On
the other hand, both TL1 and TL3 performed relatively better since the GRU layer is
permitted to be updated during fine-tuning. However, all three validation RMSE values

exceed those of the non-transfer GRU baseline when considering the full-data condition.

Although the validation results based on 80 engines did not demonstrate any evidence of
improvement when fine-tuning TL is applied, subsequent validation experimentation with
decreasing amounts of target-data availability shows that the relative behaviour of how
the models’ performances change as the amount of FD0O1 training data decreases. For
example, Figure 5.14 illustrates examples of validation RMSE values for representative

target engine settings.

TL1 full fine-tuning —— TL2 frozen GRU —— TL3 gradual unfreezing ==+ GRU baseline

FD002 -> FDOO1 FDOO03 -> FD0OO1

Validation RMSE
& S

80 40 20 10 5 80 40 20 10 5
(14241) (7506) (3835) (1892) (947)  (14241) (7506) (3835) (1892) (947)

Target engines (windowed observations)

Figure 5.14: The Validation RMSE results for TL1, TL2 and TL3 and GRU baselines

trained independently on engine counts of 80, 40, 20 10 and 5 scenarios

In the validation results shown by Figure 5.14, it is evident that the benefit of fine-tuning
strongly depends on both the quantity of available FD0O01 target data and the selected
source domain. With 80 engines total, the GRU model trained only on FD0O01 target data
had the lowest validation RMSE, suggesting that there is little, if any, improvement to be

gained from using TL when sufficient labelled target domain data are available. However,
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as the number of target domain engines decreases, the behaviour of the models relative to

each other begins to change.

In the validation results shown by Figure 5.14, it is evident that the benefit of fine-tuning
depends on both the quantity of available FD0O01 target data and the selected source
domain. With 80 engines total, the GRU model trained only on FDO001 target data had
the lowest validation RMSE, suggesting that there is little, if any, improvement to be
gained from using TL when sufficient labelled target-domain data are available. However,
as the number of target-domain engines decreases, the behaviour of the models relative
to each other begins to change. Since these validation results originate from the fixed-
seed primary experiments, small differences and changes in the relative ranking of closely
performing fine-tuning strategies should not be overinterpreted. The stability of these

trends across different random seeds is assessed further in subsection 6.6.6.

This trend is evident in the FD003 to FDO001 case. Although none of the three fine-
tuning methods was able to perform better than the baseline at 80 or 40 engines, each
method produced a lower validation RMSE than the baseline when there were 20 or
fewer target-domain engines available. At ten engines, the baseline produces a validation
RMSE of 22.587, whereas TL1 and TL2 show substantially lower values of 15.8280 and
15.392, respectively. A similar pattern is also present in five engine trajectories, where
TL1 and TL2 remained relatively close to being competitive with the validation RMSE
values of 15.957 and 15.386, respectively, as opposed to 19.0782 for the baseline. These
results indicate that the benefit of TL from the FD003 domain increases as the number of

labelled FDOO1 training data becomes more limited..

This trend is evident in the FD003 to FDO001 case. Although none of the three fine-
tuning methods was able to perform better than the baseline at 80 or 40 engines, each
method produced a lower validation RMSE than the baseline when there were 20 or
fewer target-domain engines available. At ten engines, the baseline produces a validation
RMSE of 22.587, whereas TL1 and TL2 show significantly lower values of 15.8280 and
15.392, respectively. A similar pattern is also present in five engine trajectories, where
TL1 and TL2 remained relatively close to being competitive with the validation RMSE
values of 15.957 and 15.386, respectively, as opposed to 19.0782 for the baseline. These
results indicate that the benefit of TL from the FD003 domain increases as the number of

labelled FDO0O1 training data becomes more limited.

TL benefits were not achieved with less consistency in the FD002 to FDO001 setting. Both
TL1 and TL3 provide an improvement over the baseline at twenty and ten engines, but
these improvements are smaller and less stable than what was found in the FDO003 to
FDO001 setting. Additionally, TL2 performs poorly throughout all FD002 to FD001 en-
gine settings, with the validation RMSE values substantially higher than the baseline.

This is consistent with the previous MMD analysis in which FD002 was shown to have
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a greater difference from FDO001 than FDO003 did. Since TL2 fixes the pre-trained GRU
layer and only adapts the prediction head, it is more dependent upon the source domain
representation. Therefore, when the source-target domain gap is larger, TL2’s fixed rep-

resentation appears to be less suitable for adapting to FDO0O1.

5.5 Source-Only Transfer and Adversarial Domain Adapta-

tion Implementation

The previous sections have covered supervised learning techniques, which are designed
under the assumption that there are available lab data in the target domain. However, as
discussed (subsection 1.1.2), practitioners do not always have the ability to use labelled
data. This poses a significant challenge if the goal is to perform PdM but the only data

that is available is the sensor data with no run-to-failure history.

In cases such as this, it is necessary to use domain adaptation techniques, which involve
finding a labelled data set in a similar domain and applying unsupervised learning tech-
niques to map the source labels (RUL) to the target. The simplest approach to do this is to
simply train a model in the source domain and then use the pretrained model to perform
inference on the target dataset (source-only TL). Therefore, to implement the source-only
TL strategy, the same baseline GRU architecture is used, and the source datasets are
pretrained separately (FD002 and FD003). The pretrained model is then subsequently
used to perform RUL predictions on FD0O1.

However, this approach is not always sufficient, especially if the domain distribution gaps
between the datasets are large. Therefore, more advanced techniques such as DANN can
be required to utilise the available unlabelled target sensor data for training and to jointly
train the model on labelled source domain data. The implementation of DANN is more
complex than the source-only TL, as it requires multiple components including a shared
FE, a label prediction branch, and a domain classifier branch with a GRL (as discussed
in subsection 2.4.3). To implement DANN, this work uses the LSTM-DANN architecture
proposed by Da Costa et al. (2020). Additionally, since the GRU-based models have shown
promising validation performance in supervised experiments, a GRU-DANN variant is also

implemented with the same architectural configuration.

It should further be noted that DANN requires a differentiable feature extractor that can
be jointly optimised for both RUL prediction and domain discrimination through adver-
sarial training. Therefore, the previously evaluated linear and tree-based models were not
directly suited to the standard DANN framework. Among the neural-network models, the
LSTM-DANN architecture of (Da Costa et al., 2020) was adopted to provide a literature-
established implementation specifically developed for C-MAPSS RUL prediction. In addi-

tion, the GRU, which performed strongly in the preceding supervised investigations, was
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incorporated as an alternative feature extractor within the same DANN framework.

The implementation of the model architecture is summarised in Figure 5.15.

Training/Validation

Input Mini-Batches

Input

Source (FD002
or FD0O03)
\‘—-___

Target (FD0O1)

Objective:

Loss weights: both = 1.0

Only Sensor Data
(No Labels)

DOMAIN LABEL =1

Shared Recurrent Feature
Extractor

LSTM/GRU | | LSTM/GRU

\ 4

Same Preprocessing Steps as
Previous Phases
(Not from Da Costa et al, 2020)

Windowed sensor data Xg

* RUL capping at 125 cycles
* Min-max normalization
» Sliding window (30 steps)

DOMAIN LABEL =0

create_domain_batches(...)
- oversample_smaller = True
. Balance source/target samples
. Batch: 50% source, 50% target

Figure 5.15: Implementation of DANN.

(Layer 1) (Layer n)
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Gradient Reversal Layer (GRL)

+ Forward: Identity (A)
« Backward: Gradient x (-A)
* Reverses and scales gradient

5.5.1 Input Mini-Batch Preparation

Adversarial strength controlled by A

DANN Model Architecture

Minimize L, AND maximize domain confusion via GRL

Total Loss: L = Ly (source) + Lyomain(Source+target)

RUL Predictor Branch

Dense Layer(s) — RUL Output
(ReLU — Linear activation)

*Layers| Units| L2 reg| Dropout

Uses: SOURCE domain only
Loss: MAE (s, Vs)

Domain Classifier Branch
Dense Layer(s) — Domain
(ReLU — Sigmoid activation)
*Layers| Units| L2 reg| Dropout

Uses: SOURCE + TARGET
Loss: Binary Cross-Entropy
— Ly = BCE(d, d)

The procedure used to preprocess the data is the same as in the previous phases. This

includes the RUL capping at 125 cycles and standardisation. In addition, since DANN

consists of a neural-network-based FE, RUL predictor, and domain classifier branch, the

sequenced datasets (with a sliding window of 30) are used. The target domain training

data are subsamples of varying engine counts (1 to 80 engines) in order to evaluate the

performance across different levels of target domain representation.

Following the unsupervised domain adaptation procedure established by Da Costa et al.
(2020), the training data consists of a fully labelled source domain (FD002 or FDO003)

and an unlabelled target domain (FD001). During training, mixed-domain mini-batches

are constructed using a function for the code implementation, which randomly samples
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from the source and target training sets (refer to section D.2 for the batch generator code
implementation). This is done with oversampling applied to the smaller dataset to balance
batch composition. Each sample is assigned a domain label (0 for source, 1 for target) for
domain classification. The source samples (FD002 or FD003) retain the RUL labels for
supervised learning. Since Keras expects each model output to receive a target array with
the same batch dimension as the input batch, the target training samples are assigned

dummy RUL labels with zero sample weights to ensure that they do not contribute.

5.5.2 DANN Model Architecture

The architecture consists of three main components, namely, the shared recurrent (LSTM
or GRU) FE, a RUL predictor branch, and a domain classifier branch. In section D.3
the code implementation segment for these three components is provided for reference.
The shared FE consists of LSTM units that process the windowed sensor data from both
domains. This component aims to learn invariant representations through adversarial
training. In line with Da Costa et al. (2020), the hyperparameter configuration of the
recurrent layer depends on the source data set used (refer to the Recurrent Layer in
Table 5.9). If the source is FD002, then the FE consists of a recurrent layer of 64 units
with a dropout of 0.1. However, if source FD003 is used, then the model becomes two
layered with 64 and 32 units, respectively, and a dropout of 0.3. This is followed by a dense
layer of 64 (for FD002) or 128 units (for FD003). The RUL predictor branch consists of
one or two fully connected layers (depending on the configuration and the source dataset
used) and performs regression using only sample samples from the source domain. The
domain classifier branch of GRL attempts to distinguish between the source and target

domains.

The GRL has a hyperparameter A that determines the strength of contribution of the
domain classifier during adversarial training. The implementation of GRL is also added
in the appendix (section D.4). To implement it, TensorFlow’s custom gradient function
is used, which enables the customisation of how the gradients are computed during back-
propagation. Gradients are defined by multiplying —A so that in backpropagation the
gradient is flipped.

The total loss function combines two components with equal weighting (refer to Equa-
tion 5.6.

Liotal = LruL(source) + Liomain(source + target) (5.6)

Where Lryr(source) is the MAE computed only on source samples with non-zero sample
weights, and Lqomain 1S the binary cross-entropy computed on all samples. The adversar-
ial strength is controlled by A (the GRL multiplier), where X is set to 1.0 for FD002 to
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FDO001 and to 2.0 for FD003 to FD001 (Da Costa et al., 2020). MAE was retained as
the RUL regression loss for the DANN implementation because (Da Costa et al., 2020)
explicitly evaluated both MAE- and MSE-based regression losses and reported that MAE
produced the best-performing DANN results. RMSE is nevertheless retained as the prin-
cipal evaluation metric in the present study to maintain consistency with the preceding

analyses

5.5.3 DANN Training Implementation

As shown in Figure 5.16, the training procedure follows the typical ML pipeline. First,
mixed-domain mini-batches are sampled from the source and target training sets. A for-
ward pass is then executed through the DANN model, which computes the RUL prediction
loss (source samples only) and the domain classification loss (all samples). Backpropa-
gation is then performed (with the GRL reversing gradients from the domain classifier
to the FE). After each epoch, the model is validated using the source validation set to
monitor the RUL prediction performance. Training stops when early stopping is activated
(patience = 15 epochs without improvement) or the maximum epoch limit (200 epochs)
is reached. Once training has ended, the final evaluation is performed on the target test

set.
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Figure 5.16: Training procedure implementation of DANN.
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Table 5.9: DANN hyperparameter configurations for the FD002 to FD001 and FD003 to
FDO001 transfer settings based on Da Costa et al. (2020).

Hyperparameter FD002 to FD003 to Reference
FDoo1 FDoo1

Feature Extractor
LSTM layers 1 2 Table 3
LSTM units 64 64, 32 Table 3
LSTM dropout 0.1 0.3 Table 3
Dense units 64 128 Table 3
RUL predictor
RUL layers 1 2 Table 3
RUL units 32 32, 32 Table 3
RUL dropout 0.0 0.1 Table 3
Domain classifier
Domain layers 2 2 Table 3
Domain units 16, 16 32, 32 Table 3
Domain dropout 0.1 0.1 Table 3
Training
Adversarial weighting
factor (\) 1.0 2.0 Table 3
Batch size 512 256 Table 3
Learning rate 0.01 0.01 Table 3
Maximum epochs 200 200 Table 3
L2 regularisation 0.01 0.01 Table 3
Gradient clipping 1.0 1.0 Section 5.1
Optimiser SGD SGD Table 3
Momentum 0.0 0.0 Assumed
Early-stopping patience 15 15 Assumed

5.5.4 Validation of the DANN model

The training times for the DANN variants under these configurations, as well as the

baseline source-only GRU, are presented in Figure 5.17. Since all models were trained

with early stopping (patience equal to 15), the computational efficiency is also shown

through the time per epoch, which normalises for the different convergence points across

models for comparison.
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Figure 5.17: The training times of LSTM-DANN, GRU-DANN as well as the source-only
GRU baseline.

All models were trained relatively quickly, with total training times ranging from 1 m
18 to 3 m 26 s. The GRU source-only model trained on FD002 took the longest at 3
m 26 s with an efficiency of 4.11 s per epoch. Moreover, the FD003 source-only model
was significantly faster at 1.59 s per epoch. Furthermore, it is observed that GRU-DANN
demonstrates the best computational efficiency, with training times ranging from 1 m 18

s to 1 m 49 s and per-epoch times between 2.11 and 2.74 s for both source datasets.

The extent to which adversarial training was able to trick the classifier (to find domain-
invariant representations) is shown in Figure 5.18. This is specifically shown through
the domain training classifier accuracy (represented by the red line and scaled by the
left Y-axis). The grey stippled line represents the chance-level domain classification with
an accuracy of 0.5. It should be noted that this level is used as a diagnostic indication
of domain confusion and not as the stopping criterion, as the domain-classifier accuracy
may fluctuate around this value during adversarial training. The plot further shows the
validation RUL error (orange line scaled by the right Y-axis) and the source training
RUL error (blue line also scaled by the right Y-axis). The decreasing validation RUL
error indicates an improvement in generalisation to the target FD0O01. Early stopping was
based on the validation RUL error, where training stops if no improvement was observed
for 15 consecutive epochs. The source training RUL error is observed to increase during
the later training epochs, reflecting the trade-off between fitting the source-domain RUL

task and learning domain-invariant feature representations through adversarial training.
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Figure 5.18: Training curves for GRU-DANN and LSTM-DANN transfer to FD00O1 with 80
unlabelled target engines. Domain-classifier accuracy is on the left y-axis; source training
RUL MAE and target validation RUL MAE (cycles) are on the right y-axis. The dashed
grey line indicates chance domain accuracy (0.5); the green dashed line shows the selected

epoch (minimum validation RUL loss).

For further reference, similar training curve plots can be referred to in section D.1 for the
scenarios where trajectories of 80, 40, 20 and 10 unlabelled target engines are used. To
present the validation scores, Figure 5.19 compares the validation RMSE values of the
DANN variants against the supervised and source-only baselines using 80, 40, 20, 10 and

O target engines.
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Figure 5.19: Validation RMSE performance across varying target engine counts for domain
adaptation from FD002 and FD003 to FD001, comparing supervised learning, source-only
transfer, and DANN variants.

For the FD002 to FDO001 transfer case, the source-only GRU has a high validation RMSE.
This line remains constant due to the fact that the model is trained only on the source do-
main and no target-domain engines. The source-only model performed poorly compared to
the DANN models with a validation RMSE of 40. This provides evidence that due to the
large domain gap between the source and the target, a domain adaptation strategy is re-
quired. The two DANN variants of LSTM-DANN and GRU-DANN significantly decrease
the RMSE for validation compared to the source-only model, indicating that the training
objectives are generally beneficial in this scenario. In a larger number of target engines,
the two DANN variants have similar performance. However, GRU-DANN outperforms at
medium engine counts of 20 and 10, and at 5 engines, each variant performs similarly.
Notably, decreasing the number of target training data does not cause substantial per-
formance degradation for the DANN models as the two variants are fairly consistent over
the range evaluated, while it appears that the performance of the LSTM-DANN variant
is slightly better at the low end (less than 20 engines).

For the FD0O03 to FD0O1 case, the source-only GRU achieves the best validation perfor-
mance among the unsupervised transfer methods. This is likely due to the small domain
gap between the two datasets, making direct source-only transfer effective without adver-
sarial adaptation. It is also notable that the source-only and GRU-DANN methods remain
competitive with the supervised GRU baseline across most target engine counts and even
outperform it at lower data scenarios (5-10 engines). This provides evidence that simple
source-only transfer from a closely related domain may be competitive with supervised

learning when labelled target data is scarce.

These validation results provide evidence that the effectiveness of the transfer depends
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on the selected source domain and the extent of the source-target domain gap. Since the
results presented here are based on the validation RMSE, they are used only to assess the
behaviour of the implemented source-only and DANN models. The final comparison of

model performance is therefore presented in the next chapter using the held-out test set.



Chapter 6

Results and Discussion

This chapter presents the final evaluation of the selected models on the held-out test set,
which consists of 100 engine units with partial degradation trajectories. Unlike the train-
ing set, these engine trajectories experience only partial degradation (thus not necessarily
reaching EOL). This subsequently simulates the real-world scenario in which predictions
must be made at arbitrary points in their life cycles without the knowledge of when the fail-
ure will occur. Through an analysis of the test results for the implementations of baseline,
feature engineering (FS and extraction), and transfer learning (supervised and unsuper-

vised), this chapter aims to address the research questions stated in subsection 1.1.5.

The chapter subsequently consists of eight sections. section 6.1 evaluates the performance
of a variety of ML models trained on the FD0O1 full feature dataset. section 6.2 examines
how the models perform after the application of feature engineering methods, includ-
ing both FS and FE. section 6.4 presents the results of the supervised transfer learning
strategies. section 6.5 evaluates the performance of the source-only TL model as well as
the unsupervised DANN models. Finally, in section 6.6 the research questions stated in

subsection 1.1.5 are discussed.

Moreover, as discussed in Chapter 4, all the models were trained on reduced subsets of
the FDOO1 training data (from 80 engines down to 1 engine) with a validation set of 20
engines. Each of these experiments was treated as an independent scenario of training
data availability, and the models were trained from scratch. To consolidate findings, test
results are grouped and averaged according to five data availability ranges: high-data
(80-40 engines), moderate-data (40-20 engines), low-data (20-10 engines), very-low-data
(10-5 engines), and extremely limited-data ( 5 engines). This table presents the averaged
RMSE, AUC-RMSE, MAE, C-MAPSS score, and R?. In addition, in each section further
analysis is then made on representative models using the AUC-RMSE metric to investigate
the models’ prediction reliability and performance throughout the engines life cycles at

the varying data availability scenarios.

114
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It should also be noted that the results presented in this chapter are based on the fixed
random seed used. Since model performance can vary as a result of training-data selection
and stochastic model training, small differences between closely performing models should
be interpreted with the consideration that there is inherent variability between seeded
runs. A supplementary random-seed sensitivity analysis using five independent seeds is

presented in subsection 6.6.6 to assess the stability of the main observed trends.

6.1 Baseline Model Performance Under Data Scarcity

The baseline model phase involves seventeen models from three different ML families.
The classical regression models include four linear models, namely MLR, Lasso, Ridge
regression, and elastic net, as well as the non-linear polynomial regression models of the
second and third degree. The tree-based models included RF, XGboost, and Light GBM.
The neural-network-based models include ANN (dense feed-forward), RNN, LSTM, BilL-
STM, GRU, CNN, TCN, and Transformer. 6.1 presents the RMSE, AUC-RMSE, MAE,
C-MAPSS score, R? and training time. In addition, it includes an R-Rank and A-Rank
column which represents the relevant rank the models place in terms of RMSE and AUC-
RMSE. In response to R3, the difference column (Diff) captures how each model’s ranking
position changes when evaluated by AUC-RMSE instead of RMSE. Negative values (green
shading) indicate models that rank better under AUC-RMSE, while positive values (red
shading) indicate models that rank worse, and yellow represents no position change. In
addition, the table is organised by five data ranges and is ordered by RMSE rank within

each range.

Table 6.1: Baseline model test performance averaged across five training-data scarcity
ranges. Lower RMSE, AUC-RMSE, MAE, and C-MAPSS scores indicate better perfor-
mance, while higher R? indicates better model fit. R-Rank and A-Rank denote the model
rankings according to RMSE and AUC-RMSE, respectively, while Diff indicates the change
in ranking when evaluated using AUC-RMSE instead of RMSE (negative values indicate
an improved rank, positive values a decreased rank, and zero no change). Time(s) denotes

model training time in seconds.

80 to 40 Engines (High Data)

Model RMSE R-Rank AUC-RMSE A-Rank Diff MAE C-MAPSS R? Time(s)
GRU 13.68 1 13.29 1 0 9.93 3.48e+04 0.79 1522.2
Transformer 14.34 2 14.21 4 =2 9.43 4.6le+04  0.77 38.3
LSTM 14.55 3 13.56 2 -1 10.65 4.22e4+04  0.76 1474.6
BiLSTM 14.85 4 13.87 3 -1 11.30 4.37e+04  0.75 1639.0
CNN 16.33 5 15.85 5 0 1279 5.53e+04  0.70 27.1
XGB 17.13 6 22.91 10 +4 11.86 2.47e+4-05 0.61 2.3
RF 17.15 7 22.44 9 +2 12.49 1.79e+-05 0.61 13.3
LGBM 17.16 8 22.92 11 +3 11.94 2.45e4-05 0.61 1.3
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ANN 17.18 9 22.10 8 -1 12.34 2.13e+405 0.61 22.3
RNN 17.26 10 20.48 7 -3 12.90 1.42e+05  0.66 1314.6
Poly2 19.04 11 24.18 12 +1 14.60 2.37e405  0.52 0.3
Poly3 19.53 12 24.94 17 +5 14.45 4.28e+4-05 0.50 9.2
TCN 19.90 13 20.31 6 -7 15.45 1.57e4+05  0.55 331.1
MLR 20.67 14 24.50 14 0 16.56 1.35e+05 0.44 0.0
Ridge 20.67 15 24.50 13 -2 16.56 1.35e+05  0.44 0.0
ElasticNet 20.67 16 24.50 15 -1 16.56 1.35e4+05  0.44 1.4
Lasso 20.67 17 24.50 16 -1 16.56 1.35e4+05  0.44 1.4
40 to 20 Engines (Moderate Data)
GRU 15.08 1 14.81 2 +1 11.09 5.03e+04 0.74 1191.7
Transformer 15.74 2 15.63 4 +2 11.43 5.70e+04  0.72 26.7
LSTM 16.50 3 15.20 3 0 12.14 6.78e4+04  0.69 862.7
ANN 17.46 4 22.11 6 <2 12.58 2.08e4+05  0.60 13.7
RF 17.47 5 22.59 7 <2 12.72 1.85e4+05  0.60 6.9
XGB 17.54 6 23.36 10 +4 12.06 2.95e+05  0.60 1.6
LGBM 17.65 7 23.35 9 +2 12.20 2.83e+05 0.59 1.0
CNN 18.16 8 18.82 5 -3 14.22 1.09e+05  0.62 25.4
BiLSTM 18.30 9 14.60 1 -8 14.27 6.32e4-04 0.62 1091.5
Poly2 19.15 10 24.99 15 +5 14.57 2.62e4-05 0.52 0.2
MLR 20.69 11 24.70 12 +1 16.58 1.35e4+05  0.44 0.0
Ridge 20.69 12 24.70 11 -1 16.58 1.35e4+05 0.44 0.0
Lasso 20.69 13 24.70 14 +1 16.58 1.35e4+05  0.44 0.0
ElasticNet 20.69 14 24.70 13 -1 16.58 1.35e+05  0.44 0.0
Poly3 21.18 15 27.38 16 +1 15.25 4.64e+11 0.41 7.9
TCN 21.93 16 23.18 8 -8 17.26 2.83e+4-05 0.45 333.1
RNN 38.32 17 32.10 17 0 33.28 3.10e4+07 -1.67 802.3
20 to 10 Engines (Low Data)
Transformer 17.56 1 19.42 4 +3 13.04 9.70e4+04 0.65 23.8
GRU 18.17 2 18.64 3 +1 13.48 9.16e+04 0.62 696.4
ANN 19.04 3 21.30 6 +3 14.28 1.89e+05  0.52 10.6
LSTM 19.20 4 16.86 1 -3 13.63 9.87e+04  0.58 720.1
RF 19.58 5 21.23 5 0 14.45 1.58e4+05  0.49 3.5
XGB 19.72 6 21.97 7 +1 13.95 2.56e4+05  0.49 1.2
LGBM 19.89 7 22.00 8 +1 14.10 2.42e405 048 0.9
Poly2 20.64 8 22.92 14 +6 16.14 1.79e+05 0.44 0.1
BiLSTM 21.33 9 17.90 2 -7 17.70 1.21e+05 0.48 751.2
Ridge 22.20 10 22.07 9 -1 17.82 1.24e+05 0.35 0.0
MLR 22.20 11 22.07 10 -1 17.82 1.24e+05 0.35 0.0
ElasticNet 22.20 12 22.07 11 -1 17.82 1.24e+05 0.35 0.0
Lasso 22.20 13 22.07 12 -1 17.82 1.24e4-05 0.35 0.0
CNN 22.63 14 22.67 13 -1 17.63 2.19e+-05 0.41 18.3
Poly3 24.24 15 29.35 16 +1 18.16 2.25e4+06  0.22 6.2
TCN 28.82 16 23.69 15 -1 23.59 3.80e+05  0.04 73.8
RNN 79.87 17 57.37 17 0 73.48 1.48e+408 -6.22 151.5
10 to 5 Engines (Very Low Data)
Transformer 18.83 1 20.72 2 +1 13.13 1.70e+05 0.60 28.5

RF 20.02 2 21.46 5 +3 14.44 1.68e+05  0.47 1.8
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ANN 20.06 3 21.79 6 +3 15.08 2.24e+4-05 0.47 7.7
XGB 20.19 4 22.11 11 +7 13.71 2.81e+4-05 0.46 0.9
LGBM 20.28 5 22.26 12 +7 13.74 2.80e4-05 0.46 0.8
GRU 20.62 6 21.11 4 -2 14.99 2.27e4-05 0.52 594.4
Poly2 21.13 7 23.38 13 +6 16.51 2.41e4-05 0.41 0.1
LSTM 21.80 8 20.22 1 -7 17.00 2.01e+05 0.46 495.1
MLR 22.18 9 21.95 9 0 17.79 1.26e4-05 0.35 0.0
Ridge 22.18 10 21.95 8 -2 17.79 1.26e4-05 0.35 0.0
ElasticNet 22.18 11 21.95 7 -4 17.79 1.26e4-05 0.35 0.0
Lasso 22.18 12 21.95 10 -2 17.79 1.26e4-05 0.35 0.0
CNN 23.96 13 25.92 15 +2 17.94 6.29e+4-05 0.35 12.1
BiLSTM 24.49 14 21.10 3 -11 20.09 2.21e+05 0.32 676.2
Poly3 36.99 15 44.59 17 <2 27.40 3.94e428 -0.96 2.5
TCN 37.75 16 23.47 14 -2 32.32 4.97e4+05 -0.62 40.0
RNN 48.42 17 34.64 16 -1 43.76 7.09e407 -2.20 272.2
<5 Engines (Extreme Scarcity)
Lasso 23.38 1 20.86 4 +3 18.76 1.30e4-05 0.28 0.0
ElasticNet 23.38 2 20.86 3 +1 18.76 1.30e+4-05 0.28 0.0
MLR 23.38 3 20.85 2 -1 18.76 1.30e4-05 0.28 0.0
Ridge 23.38 4 20.85 1 -3 18.76 1.30e4-05 0.28 0.0
XGB 23.55 5 25.16 10 +5 15.95 3.39e4-05 0.26 0.7
RF 23.57 6 21.84 5 -1 16.98 1.77e4-05 0.26 1.0
LGBM 23.65 7 25.12 8 +1 15.97 3.62e4-05 0.25 0.5
Transformer 25.20 8 22.29 6 -2 19.62 2.27e4+05  0.27 29.4
ANN 31.24 9 25.14 9 0 24.72 3.44e4+06 -0.67 7.6
GRU 31.88 10 26.37 12 +2 25.49 4.47e+06 -0.32 463.3
Poly2 32.08 11 39.55 15 +4 23.95 1.0le+17 -0.68 0.1
CNN 34.78 12 25.56 11 -1 27.44 7.38¢e4+05 -0.44 114
LSTM 35.43 13 27.06 13 0 27.15 9.43e406 -0.65 480.7
BiLSTM 42.65 14 28.03 14 0 36.03 8.42e406 -1.53 554.8
TCN 43.23 15 23.74 7 -8 36.14 1.10e+06 -1.16 37.6
Poly3 48.04 16 65.82 17 +1 34.76 4.73e+28 -2.26 0.7
RNN 76.77 17 52.86 16 -1 70.51 1.50e+08 -6.01 164.1

In the high data range the GRU model achieves the best performance in RMSE, AUC, and
C-MAPSS-Score and R? with a score of 13.68, 13.29, 3.48 x 10* and 0.79 respectively. Its
MAE score of 9.93 is in close second behind the Transformer, which achieved a 9.43 MAE.
The GRU, LSTM, and BiLLSTM recurrent architectures, together with the Transformer,
occupy the top four RMSE positions. This suggests that models capable of representing
temporal dependencies benefit most from the larger training set available in the high-data
settings. Notably, the RNN ranked relatively low with an RMSE and AUC-RMSE score
in 10th and 7th positions, respectively. The Transformer achieves competitive accuracy
(RMSE of 14.34) while requiring only 38 seconds for training compared to GRU’s 1522
seconds. The tree-based models (XGB, RF, LGBM) show moderate relative performance

with similar RMSE values around 17.13 to 17.16. Moreover, the regression models all show
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the exact same performance as MLR, indicating that the low regulariser hyperparameter
selected through Optuna had little to no effect. These linear models’ RMSE exceeded 20
RMSE scores and performed the poorest in RMSE, AUC-RMSE, MAE and R?. Notably
the polynomial regression models both yielded the worst C-MAPSS scores. This indicates
that, compared to the other models, they tend to make late predictions (since the score
function heavily penalises late predictions). The RMSE and AUC-RMSE difference anal-
ysis shows that XGB, RF, and LGBM have substantial declines in ranking (Diff +2 to
+4). This indicates that their errors are concentrated at specific stages in the lifecycle
rather than distributed uniformly. This trend can be visualised through the AUC-RMSE

curve presented later in subsection 6.1.1.

As expected, when data availability is reduced, there is a notable decrease in performance
between models. In the moderate data availability range, all models experienced degraded
performance. GRU maintains its lead in RMSE (15.08), MAE (11.09), C-MAPSS score
(5.03 x 10*) and R? (0.74), following BiLSTM closely in AUC-RMSE, scoring 14.81. Al-
though the BiLSTM model ranked first for AUC-RMSE (14.60), it only ranked ninth for
RMSE (18.30) with a rank difference of -8. Tree-based and linear regression models were
least affected by the reduction in training data. The tree-based models showed only mi-
nor increases in RMSE of approximately 1.87% to 2.86%, while linear regression models
changed only 0.10%. The neural-network models, excluding RNN, showed greater sen-
sitivity, with RMSE increases ranging from 1.63% to 23.23%. Notably, the RNN failed
catastrophically with an increase in RMSE of 112.02%. Polynomial regression also shows
severe performance degradation, particularly for the C-MAPPS score, increasing from
4.28 x 10° to 4.64 x 10 indicating that in this data range it is unstable and makes

anomalously late predictions.

In the low-data range, the Transformer overtakes the GRU in RMSE ranking, with an
RMSE of 17.56 compared to 18.17. LSTM shows notable AUC-RMSE accuracy and
achieves the best AUC-RMSE (16.86), while ranking fourth for RMSE. Tree-based models
maintain their positions (ranks 5-7) and show notable resilience to data scarcity compared
to the neural architectures. Furthermore, BILSTM continues its pattern of superior AUC-
RMSE performance (rank 2) despite its RMSE ranking (9). Moreover, the performance of
RNN’s collapses catastrophically (RMSE of 79.87 and R? of -6.22), indicating a complete

failure to generalise the test data.

Transformer maintains a top ranking (RMSE of 18.83) and therefore demonstrates no-
table robustness under severe data scarcity. Furthermore, the tree-based relative RMSE
performance against neural-networks increases, where RF, XGB, and LGBM rise to ranks
2, 4, and 5, respectively. LSTM and BiLSTM show notable RMSE and AUC-RMSE rank
differences (Diff=-7 and -11), with BiLSTM achieving the third-best AUC-RMSE despite
ranking 14th for RMSE. This difference suggests these models, while struggling with over-

all accuracy, maintain more consistent error patterns across life-cycle stages than their
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RMSE rankings indicate. Moreover, GRU’s performance notably degrades to rank 6, and
architectures like CNN and TCN show poor relative performance for both RMSE and
AUC-RMSE. In addition, it can be seen that polynomial regression catastrophically fails
in terms of the C-MAPSS score with a score of 3.94 x 10?8, This is an indication that the
third-degree polynomial is significantly unstable at very low data settings and can make

predictions that are significantly late

In the scenarios where the training data are extremely low, it is evident that the models
struggle to explain the variance of the data well. Where the linear regression models find
the best fit in the data out of all models and are able to explain only 28% of the variance.
Moreover, under these low data settings, the results suggest that the simpler linear models
are more robust. The best-performing models are the linear regression models, all scoring
the lowest RMSE and AUC-RMSE values, with MLR and Ridge regression performing
very slightly better in AUC-RMSE than Lasso and ElasticNet. In addition, their C-
MAPSS score shows the best performance out of all models. Notably, the tree-based
models perform relatively competitively with linear models, with RMSE score differences
of less than 1. Of all the neural-network-based models, the Transformer remained the
most robust, achieving an RMSE and AUC-RMSE rank of 8 and 6, respectively. All
models ranked below the Transformer, notably, report negative R? values. This indicates
that their predictions perform worse than a simple mean-response baseline, which suggests

significantly poor generalisation under the extreme-scarcity setting.

To further visualise the robustness of each model under different levels of data scarcity,
Figure 6.1 is presented. The plot shows the increase in RMSE relative to the high data

range.
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Figure 6.1: Relative RMSE degradation across data availability scenarios (including 40 to
20 engines; 20 to 10 engines; 10 to 5 engines and less than or equal to 5 engines) compared

with the high-data baseline range of 80 to 40 engines.

As shown by Figure 6.1 the RMSE increases differently between model families. The RNN
models are generally the most sensitive to reductions in training data. This is particu-
larly evident for the basic RNN, which shows the largest and most unstable degradation
profile across the data scarcity ranges, jumping to 122% degradation in the 40-20 engine
range and exceeding 200% in the most extreme settings. The gated recurrent models also
degrade as the amount of training data decreases, although less severely than the basic
RNN. GRU, LSTM and BiLSTM perform strongly in the high-data setting, but their rela-
tive degradation increases notably in the very-low and extreme-scarcity settings, reaching
133%, 144%, and 187%, respectively, at 5 engines. The Transformer shows a different
pattern. Although it does not maintain the lowest absolute RMSE under extreme scarcity,
it shows comparatively strong robustness across the low-data ranges (76% degradation at
5 engines) and remains the strongest neural-network model when the training data is
severely restricted. The tree-based models show a more gradual degradation profile. RF,
XGB, and LGBM do not achieve the best absolute performance in the high-data range,
but their relative increase in RMSE remains more controlled than the neural-network
models as the number of engines decreases, staying below 38% even at 5 engines. Linear

regression models show the flattest degradation pattern in most data scenarios. Their
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absolute performance is weak in the high-data setting, but they degrade only marginally
as the number of training engines decreases, remaining below 14% degradation even at

extreme scarcity.

It should be noted that these extreme-scarcity scenarios refer specifically to the amount of
labelled training data available, as the experimental design retained a fixed validation set
of 20 labelled engines. The one- to five-engine results should therefore be interpreted with
this limitation in mind, since in a real-world setting with similarly limited labelled data, it
may not be possible to reserve such a comparatively large validation set for hyperparameter

selection.

6.1.1 AUC-RMSE Analysis

To interpret the AUC-RMSE curves, it should be noted that this work follows the common
practice of clipping RUL labels to a maximum of 125 cycles (see section 3.3). Subsequently,
30.5% of the training windows carry the maximum label of 125 cycles, representing the
engines in their healthy early-life phase. Since the models are exposed to a dispropor-
tionately large number of observations at this label, they tend to predict the capped
value reliably, resulting in relatively low RMSE at high RUL. Performance then degrades
through the mid-lifecycle range, where training observations are scarcer, and degradation
signals are less significant. The accuracy then increases near the EOL as the sensor degra-
dation signals become increasingly significant. Moreover, since the test RUL labels are
also capped at 125, the test label distribution is similarly skewed, such that metrics that
weight samples equally, such as standard RMSE, are disproportionately influenced by the
high-RUL observations. Figure 6.2 shows the distribution of true RUL labels across the

test windows.
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Figure 6.2: Number of test windowed observations for true RUL Label.
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As can be seen, 51.1% of test windows carry the capped RUL label of 125 cycles. Fur-
thermore, since the test set consists of partial rather than full degradation trajectories,
observations become increasingly scarce at lower RUL values. This distribution further
motivates the use of AUC-RMSE, which assigns equal weight to each RUL bin regardless
of sample count, which subsequently ensures that EOL performance is not masked by the

number of healthy state predictions.

Figure 6.3 shows the AUC-RMSE curves at 80, 40, 10 and 5 engines for GRU, BiLSTM,
Transformer and MLR. These models are selected for further analysis as they achieved the
top AUC-RMSE score for a certain data-setting range. It should be noted that since all the
linear models achieved near-identical scores, MLR is selected as the representative. The
solid curves represent lifecycle-specific RMSE values across RUL bins, while the horizontal
stippled lines indicate the standard RMSE values.

—— GRU BiLSTM —— Transformer = —— MLR  —— AUC-RMSE (lifecycle) - -~ RMSE (overall)

A) High Data (80 Engines) B) Moderate Data (40 Engines)

301

251

20 1

15+

10

RMSE

C) Low Data (10 Engines) D) Extreme Scarcity (5 Engines)

100 80 60 40 20 0 100 80 60 40 20 0
RUL Bin Midpoints (Cycles)

Figure 6.3: AUC-RMSE lifecycle curves (solid) and standard RMSE (stippled) for GRU,
BiLSTM, Transformer, and MLR across (A) high-data, (B) moderate-data, (C) low-data,

and (D) extreme-data scarcity.

Lifecycle RMSE curves reveal how model performance varies across the RUL range, par-
ticularly near EOL, for high- to low-data settings. The MLR model shows a left-skewed
AUC-RMSE curve, suggesting weak predictive performance near the EOL. However, the
neural-network models show more right-skewed curves that taper toward lower error values

as the EOL approach. This suggests that these models provide more reliable predictions
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near failure. In plots A and B (80 and 40 engines), MLR’s EOL RMSE is greater than
14 whereas, GRU, BiLSTM, and Transformer show errors below 3 cycles. In Plot C (10
engines), MLR maintains its left-skewed pattern while the neural-networks show a reduced
right-skewed shape but still outperform MLR near EOL.

Notably in Plot D (5 engines) all models show similar standard RMSE values (20.96 to
21.41) and their AUC-RMSE curves largely overlap. Moreover, the neural-network base
models remain competitive even at 5 engines, with GRU achieving the best AUC-RMSE
(22.85) despite the severe data constraint. This appears to contrast with Table 6.1, where
simpler models outperform more complex architectures in the extreme-scarcity range of
equal or less than 5 engines. To investigate why MLR achieved competitive average per-
formance in the less than or equal to 5 engine range (as observed in Table 6.1), Figure

Figure 6.4 examines the AUC-RMSE degradation from 10 engines down to 1 engine.
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Figure 6.4: AUC-RMSE from very low to extreme data scarcity (10 to 1 training engines
scenarios) for GRU, BiLSTM, Transformer and MLR.

As shown in Figure 6.4, the performance discrepancy between the GRU and BiLSTM
models and MLR is mainly associated with the sharp degradation of these recurrent models
in scenarios with fewer than 3 engines (576 windowed observations). Whereas the MLR

and Transformer models perform more stably across all engine count scenarios.
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6.2 Feature Engineering Impact Under Data Scarcity

The feature engineering techniques implemented are FS and FE. For FS, two approaches
were implemented, namely, RF importance and correlation-based selection. As presented
in subsection 5.2.1 (correlation-based selection) and subsection 5.2.2 (tree-based selection),
the two approaches identified a similar subset of features, where correlation-based selection
includes two additional features. Based on the validation results, the later experiments
make use of the 14-feature subset. However, for comparison, this section analyses the

performance of the baseline models trained on both.

The FE techniques investigated in this study were implemented as hybrid neural-network
architectures. Each architecture combines a FE component with a GRU-based predictive
component, where the feature extractor first transforms the input sequence into a learnt
representation, and the GRU then uses this representation to predict RUL. Both compo-
nents are trained jointly, so that the parameters of the feature extractor and the predictive
model are optimised together during training. Since the GRU showed the strongest val-
idation performance among the baseline models, it was selected as the predictive layer
for the hybrid FE experiments. The specific architectures evaluated include CNN-GRU,
TCN-GRU and AE-GRU.

6.2.1 Feature Selection on Baseline Models Results

This section presents the results of the eight selected (based on the best performers in
each family in terms of validation) models trained on selected subset features. The models
include Lasso and Poly2 to represent the classical regression models, RF and XGB for
the tree-based models, and LSTM, BiLSTM, GRU and the Transformer for the neural-

network-based models.

Table 6.2 presents the percentage change in performance when FS is applied relative to the
baseline (trained on all 24 features). Both scenarios of F'S selected subsets are presented.
Moreover, negative values indicate an improvement for RMSE, AUC-RMSE, MAE, C-
MAPSS score, and training time. Whereas positive values indicate an improvement for
R%.
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Table 6.2: Percentage change in test performance after applying correlation- and RF-based
feature selection relative to the corresponding full-feature baseline, averaged across five
training-data scarcity ranges. For RMSE, AUC-RMSE, MAE, C-MAPSS, and training

time, negative values indicate an improvement, while for R?, positive values indicate an

improvement.
80 to 40 Engines (High Data)
Model FS Method RMSE % AUC-RMSE % MAE % C-MAPSS% R2 % Time %
GRU Correlation 0.9 -4.9 7.7 -5.0 -0.5 -96.6
RF 3.7 0.1 7.9 5.7 -2.0 -96.4
BiLSTM Correlation -3.6 -1.5 -2.7 -13.4 2.6 -94.4
RF -2.5 -1.4 -3.2 -13.8 2.0 -93.1
LSTM Correlation -3.3 -1.1 -1.1 -4.9 2.1 -96.0
RF -0.2 -4.2 3.9 -12.0 0.1 -95.4
Transformer Correlation -3.0 -6.0 -3.9 -14.8 1.8 -12.6
RF -3.9 -4.7 -3.7 -15.5 2.3 -24.3
Lasso Correlation 0.4 0.4 0.5 -1.4 -0.9 -96.4
RF 0.5 0.7 0.7 -0.9 -14 -96.4
Poly2 Correlation -0.1 -0.1 0.0 -1.1 0.2 -73.0
RF 0.2 0.5 0.2 -0.3 -0.3 -84.5
RF Correlation -0.2 0.4 -1.3 74 0.3 8.8
RF 0.3 1.5 -1.4 12.4 -0.3 17.8
XGB Correlation -0.1 0.0 -0.1 -0.2 0.1 -35.9
RF 0.5 0.8 0.6 1.8 -0.7 -45.7
40 to 20 Engines (Moderate Data)
Model FS Method RMSE % AUC-RMSE % MAE % C-MAPSS% R2? % Time %
GRU Correlation 2.4 -4.4 9.3 -4.5 -1.6 -96.4
RF 5.6 -8.4 13.9 -9.9 -4.4 -96.6
BiLSTM Correlation -6.6 7.5 -9.0 15.3 7.4 -93.9
RF -3.3 1.4 -4.4 3.0 3.3 -93.9
LSTM Correlation -5.0 -1.4 2.1 -17.5 4.4 -94.8
RF 4.8 -13.9 4.6 -15.1 -4.5 -93.4
Transformer Correlation -0.0 -6.1 -7.1 -0.3 -0.0 -17.7
RF -4.0 -4.2 -13.4 -7.1 3.1 -31.8
Lasso Correlation 0.4 0.4 0.5 -1.0 -0.9 -39.3
RF 0.5 0.8 0.7 -0.7 -14 -53.9
Poly?2 Correlation -0.2 -0.3 -0.1 -14 0.4 -77.6
RF -0.2 -0.3 -0.2 -1.9 0.4 -81.0
RF Correlation -0.2 0.7 -1.4 10.9 0.3 6.0
RF 0.1 1.9 -1.7 18.1 -0.2 14.9
XGB Correlation 0.1 -0.3 0.4 -0.4 -0.1 -36.3
RF 0.5 0.6 0.4 1.6 -0.7 -38.6
20 to 10 Engines (Low Data)
Model FS Method RMSE % AUC-RMSE % MAE % C-MAPSS% R? % Time %
GRU Correlation 9.7 -2.7 20.1 23.3 -13.9 -94.6
RF 17.1 -7.5 31.4 51.9 -23.1 -95.1
BiLSTM Correlation 11.9 9.6 6.0 70.9 -31.8 -92.5

RF 5.3 4.3 -4.2 46.2 -11.8 -91.4
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LSTM Correlation 2.5 0.6 19.6 -9.8 -4.4 -94.1
RF 11.8 -2.2 16.6 18.4 -18.8 -92.7
Transformer Correlation 0.4 -8.7 -2.7 -11.5 -0.4 -40.9
RF -2.7 -11.9 -13.1 -22.8 2.8 -35.0
Lasso Correlation 0.4 0.3 0.6 -0.4 -1.7 -54.7
RF 0.5 0.8 0.7 -0.1 -1.8 -62.5
Poly2 Correlation -0.3 -0.2 -0.2 -2.3 0.8 -72.5
RF -0.6 -0.8 -0.6 -4.0 1.6 -79.7
RF Correlation -0.0 0.9 -1.1 12.0 -0.0 2.7
RF -0.0 2.2 -1.8 18.8 0.0 11.1
XGB Correlation 0.3 0.3 0.4 4.1 -0.5 -28.6
RF 0.5 1.2 0.3 4.1 -1.1 -32.8
10 to 5 Engines (Very Low Data)
Model FS Method RMSE % AUC-RMSE % MAE % C-MAPSS% R? % Time %
GRU Correlation 7.7 -2.8 15.7 38.5 -15.8 -92.1
RF 3.4 0.5 8.5 6.6 -6.6 -91.7
BiLSTM Correlation 2.6 0.7 3.5 4.9 -12.2 -90.8
RF 2.4 2.2 -2.0 40.5 -14.5 -89.7
LSTM Correlation 6.6 0.6 6.4 21.3 -18.0 -90.1
RF 7.4 -0.9 10.8 11.2 -18.9 -90.5
Transformer Correlation 0.1 -4.5 -2.2 -6.9 0.0 -40.7
RF 0.2 -0.3 -2.9 24.3 -0.3 -40.9
Lasso Correlation 0.5 0.2 0.7 -0.5 -2.0 -57.0
RF 0.6 0.8 0.8 0.3 -2.2 -66.0
Poly2 Correlation -0.7 -0.3 -0.6 -2.6 1.8 -50.8
RF -1.1 -1.2 -1.1 -8.0 3.2 -72.3
RF Correlation 0.3 1.2 -1.2 11.7 -0.6 -3.0
RF 0.2 2.6 -2.0 19.4 -0.5 6.3
XGB Correlation 0.2 0.2 0.2 2.8 -0.5 -24.8
RF 0.4 1.1 -0.0 5.0 -0.9 -29.4
<5 Engines (Extreme Scarcity)
Model FS Method RMSE % AUC-RMSE % MAE % C-MAPSS% R? % Time %
GRU Correlation 42.2 5.9 58.5 81.0 -466.1 -91.2
RF 23.2 8.5 32.0 200.5 -267.1 -89.9
BiLSTM Correlation 1.3 0.2 2.7 18.8 -6.0 -87.3
RF -1.1 2.5 -0.8 -6.1 3.7 -86.9
LSTM Correlation 14.3 -7.9 27.6 -44.8 -89.7 -89.7
RF 26.7 6.2 37.7 14.3  -157.1 -89.7
Transformer  Correlation -0.7 1.6 -1.3 7.7 3.0 -39.1
RF 4.3 24 3.3 23.6 -32.6 -37.5
Lasso Correlation -0.6 2.9 -0.6 3.1 2.3 -53.4
RF -1.8 6.0 -1.9 7.2 8.5 -60.1
Poly2 Correlation -20.8 -34.6 -16.7 -100.0 120.0 -54.6
RF -23.1 -35.0 -19.2 -100.0 127.9 -28.0
RF Correlation -0.7 2.7 -1.9 6.0 3.5 -11.4
RF -1.5 6.6 -3.8 15.1 8.4 -4.0
XGB Correlation -0.2 -0.5 -0.2 -4.7 1.5 -22.9
RF -1.5 0.3 -1.7 -5.4 9.0 -27.7
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From Table 6.2, it is evident that the main advantage of applying FS is the reduction
in training time. This is most notable for the recurrent models, which consistently show
training-time reductions of approximately 87% to 97% across the data ranges. Further-
more, all models except RF benefit computationally from FS. RF does not show the same
computational benefit, and, in some cases, its training time increases, particularly in the
moderate to high-data ranges, where increases of approximately 6% to 17.8% are observed.
This suggests that the computational cost of RF is not necessarily reduced by lowering
the input dimensionality and may be more strongly influenced by tree-construction be-
haviour and selected hyperparameters, such as tree depth and leaf-size constraints (see
section 2.1.2, which discusses the theory of RF).

However, the gain in efficiency is not representative of the predictive performance metrics.
For the GRU, RMSE generally increases after F'S across the high- to very-low-data ranges,
with the degradation becoming especially severe under extreme scarcity. This indicates
that the removed features still contain useful degradation information for the GRU. Similar
degradation is visible for the LSTM in the low and very low data ranges. However, for
the GRU with correlation-based FS, the AUC-RMSE improves consistently from high
to very low data ranges. This suggests that although the average RMSE worsens, the
reduced input representation may produce more consistent error behaviour throughout

the degradation lifecycle.

The Transformer behaves differently from the recurrent models. In most high- and mod-
erate data scenarios, F'S improves RMSE, AUC-RMSE, MAE, and C-MAPSS-score, while
the low- and very low data settings show smaller changes. This suggests that the Trans-
former is less negatively affected by the reduced feature space than the recurrent models.
However, the training-time reduction for the Transformer is also smaller compared to
the recurrent networks, indicating that F'S provides less computational benefit for this

architecture in comparison.

For the classical linear and tree-based models, the impact of FS is generally less than for
the recurrent models. Lasso, RF and XGB show only marginal changes in RMSE and
MAE across most data ranges. This suggests that these models are less sensitive to the
reduced feature space. A notable exception is Poly2, which improves across most data
ranges and improves substantially under extreme scarcity. This improvement is expected,
as polynomial regression is sensitive to high-dimensional feature spaces, as discussed in

section 2.1.1.

Notably, the RMSE and C-MAPSS score do not always move in the same direction. Some
models show worsened RMSE but improved C-MAPSS scores, indicating that FS can
worsen average error performance while still reducing the type of late prediction error
that is more heavily penalised by the C-MAPSS score. For example, in the 40 to 20

engine range, the LSTM model trained in the RF-selected subset shows a 4.8% increase
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in RMSE but a 15.1% decrease in the C-MAPSS score.

When comparing the two F'S methods, neither correlation-based nor RF-based FS is consis-
tently superior. The correlation-based subset is less damaging for some recurrent models,
while the RF-based subset gives stronger improvements for some models that benefit from

dimensionality reduction, such as the Transformer and Poly2.

Furthermore, it is evident that the results do not overturn the broader observation in
the baseline analysis, where recurrent models perform strongly when sufficient data are
available, the Transformer remains comparatively robust under lower data availability,
and simpler models become more competitive under extreme scarcity. However, there are
notable differences in relative ranking performance within each of the model families, as
highlighted in Table 6.3.

6.2.2 AUC-RMSE Analysis for F'S

Table 6.3 presents a comparison of the RMSE and AUC-RMSE rankings to visualise the
difference. The cases where AUC-RMSE attains a higher ranking are marked in green,
while those in which it falls in rank relative to RMSE are shown in red and the cases

without differences are highlighted in yellow.
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Table 6.3: Comparison of RMSE and AUC-RMSE rankings for feature-selected models
across five training-data scarcity ranges. R and A denote the RMSE and AUC-RMSE
ranks, respectively, while D indicates the change in rank when evaluated using AUC-
RMSE instead of RMSE. Negative values (green) indicate an improved rank under AUC-
RMSE, positive values (red) indicate a decreased rank, and zero values (yellow) indicate
no change. Corr. and RF denote correlation-based and Random Forest-based feature

selection, respectively.

80 to 40 Engines (High Data) 10 to 5 Engines (Very Low Data)
Model FS R A D Model FS R A D
Transformer RF 1 6 +5 Transformer Corr. 1 1 0
Corr. 3 4 +1 RF 2 5 +3
GRU Corr. 2 1 -1 RF RF 3 11 +8
RF 5 3 -2 Corr. 4 9 +5
LSTM Corr. 4 5 +1 XGB Corr. 5 13 +8
RF 8 2 -6 RF 6 14 +8
BiLSTM Corr. 6 7 +1 Poly2 RF 7 15 +8
RF 7 8 +1 Corr. 8 16 +8
XGB Corr. 9 11 +2 GRU RF 9 6 -3
RF 12 12 0 Corr. 10 4 -6
RF Corr. 10 9 -1 Lasso Corr. 11 10 -1
RF 11 10 -1 RF 12 12 0
Poly2 Corr. 13 13 0 LSTM Corr. 13 3 -10
RF 14 14 0 RF 14 2 -12
Lasso Corr. 15 15 0 BiLSTM RF 15 8 -7
RF 16 16 0 Corr. 16 7 -9
40 to 20 Engines (Moderate Data) <5 Engines (Extreme Scarcity)
Model FS R A D Model FS R A D
Transformer RF 1 6 +5 Lasso RF 1 2 +1
Corr. 4 4 0 Corr. 4 1 -3
GRU Corr. 2 3 +1 XGB RF 2 9 +7
RF 5 2 -3 Corr. 6 8 +2
LSTM Corr. 3 7 +4 RF RF 3 6 +3
RF 7 1 -6 Corr. 5 3 -2
BiLSTM Corr. 6 8 +2 Poly2 RF 7 10 +3
RF 12 5 -7 Corr. 9 11 2
RF Corr. 8 9 +1 Transformer Corr. 8 4 -4
RF 9 10 +1 RF 10 5 -5
XGB Corr. 10 11 +1 GRU RF 11 14 +3
RF 11 12 +1 Corr. 16 12 -4
Poly2 RF 13 15 +2 LSTM Corr. 12 7 -5
Corr. 14 16 +2 RF 15 16 +1
Lasso Corr. 15 13 -2 BiLSTM RF 13 15 +2
RF 16 14 -2 Corr. 14 13 -1
20 to 10 Engines (Low Data)
Model FS R A D
Transformer RF 1 3 +2
Corr. 2 5 +3
RF RF 3 10 +7
Corr. 4 9 +5
LSTM Corr. 5 2 -3
RF 12 1 -11
XGB Corr. 6 11 +5
RF 7 13 +6
GRU Corr. 8 6 -2
RF 11 4 -7
Poly2 RF 9 15 +6
Corr. 10 16 +6
Lasso Corr. 13 12 =1l
RF 14 14 0
BiLSTM RF 15 7 -8

—_
=]
o
|
o

Corr.
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Table 6.3 further shows that F'S changes the relative ranking of the selected models. No-
tably, the Transformer becomes the highest RMSE-ranked model across the high, mod-
erate, low, and very-low-data ranges, with the exception of the extreme-scarcity setting.
This differs from the full-feature baseline results, where the GRU achieved the strongest
RMSE performance in the high and moderate data ranges. Moreover, it is observed that
the F'S strategy does play a role in relative performance, but there is no clear advantage in
using the RF versus the correlation subset. Furthermore, although the ranking differences
with respect to the findings observed in Table 6.1 are different, the evaluated neural-
network models generally achieved stronger performance than the evaluated tree-based
and regression models in the high- and moderate-data ranges. Furthermore, the ranking
comparison also shows that the model with the best RMSE rank is not always the model
with the best AUC-RMSE rank. For example, a Transformer with RF-based FS ranks
first by RMSE in the high- and moderate-data ranges but only sixth by AUC-RMSE.
In contrast, LSTM and BiLSTM often rank substantially better under AUC-RMSE than
under RMSE, particularly in the low- and very-low-data ranges. However, RF, XGB and
Poly2 show the opposite pattern in the low- and very-low-data ranges. These models rank
relatively well under RMSE, however drop substantially when evaluated by AUC-RMSE.
Under extreme scarcity, Lasso remains the strongest RMSE-ranked model, while XGB
and RF also maintain performance above the neural-network models. The Transformer

remains the strongest neural-network model.

6.2.3 Hybrid neural-network Feature Extraction Results

The hybrid models analysed consist of a GRU predictive layer. The selected FE layers
are those that have shown promising results in the PdAM literature (see subsection A.7.6).
Subsequently, a GRU predictor with CNN, TCN and AE feature extractors is investigated
to assess whether this layer adds a benefit to the GRU predictor under the different levels of
data scarcity. These three models are trained on the correlation feature dataset consisting
of 14 features. Table 6.4 presents the hybrid FE models’ (as well as, for reference, the

baseline FS GRU) average test performance across data scarcity ranges.

Table 6.4: Test performance of the CNN-GRU, TCN-GRU, and AE-GRU hybrid feature-
extraction architectures compared with the GRU baseline across five training-data scarcity
ranges. Lower RMSE, AUC-RMSE, MAE, and C-MAPSS scores indicate better per-
formance, while higher R? indicates better model fit. R-Rank and A-Rank denote the
rankings according to RMSE and AUC-RMSE, respectively, and Time(s) denotes model

training time in seconds.

Architecture RMSE AUC-RMSE MAE C-MAPSS R? Time(s) R-Rank A-Rank
80 to 40 Engines (High Data)
AE-GRU 13.45 12.34 10.00 3.19e+04 0.7951 138.9 1 1

GRU 13.81 12.64 10.69 3.31e+04 0.7838 51.8 2 2
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TCN-GRU 14.72 14.19 10.14 4.80e+04 0.7547 382.4 3 4
CNN-GRU 14.91 13.76 11.30 4.60e+04 0.7483 38.2 3
40 to 20 Engines (Moderate Data)

TCN-GRU 15.05 14.95 10.29 5.25e4-04 0.7421 261.9 1 3
GRU 15.45 14.16 12.11 4.81e404 0.7295 42.5 2 2
AE-GRU 15.47 13.62 11.60 4.58e4-04 0.7250 105.6 3 1
CNN-GRU 16.32 15.52 12.39 6.96e+-04 0.6974 34.5 4 4
20 to 10 Engines (Low Data)

TCN-GRU 18.87 17.29 13.22 1.04e4-05 0.5915 235.2 1 1
GRU 19.94 18.14 16.19 1.13e+05 0.5361 37.9 2 3
AE-GRU 20.10 17.56 15.24 1.20e4-05 0.5372 87.8 3 2
CNN-GRU 23.81 18.66 20.48 1.35e4-05 0.3097 27.7 4 4
10 to 5 Engines (Very Low Data)

TCN-GRU 22.10 21.31 16.81 2.10e+05 0.4456 179.2 1 4
AE-GRU 22.20 22.04 17.01 2.82e+05 0.4419 65.0 2 3
GRU 22.21 20.51 17.34 3.14e+05 0.4365 47.1 3 2
CNN-GRU 38.80 17.43 35.10 3.20e+4-05 -0.7497 23.1 4 1
<5 Engines (Extreme Scarcity)

AE-GRU 29.86 23.66 25.53 2.36e+05 -0.0459 75.2 1 1
TCN-GRU 33.37 25.55 26.67 5.83e+05 -0.3193 193.2 2 3
GRU 45.34 27.92 40.39 8.09e4-06 -1.7851 40.6 3 4
CNN-GRU 62.88 24.74 57.97 3.09e+06 -3.5886 19.4 4 2

The results show that FE can improve GRU performance. However, this depends on the
feature-extraction method as well as the data availability range. In the high-data range,
AE-GRU achieves the best results for all predictive accuracy metrics. It achieves a RMSE
of 13.45 compared to the baseline of 13.81 GRU. Although an improvement is observed, the
effect is only marginal, whereas the AE-GRU’s computational efficiency is substantially
worse than the GRU baseline. In particular, the other two feature-extraction methods
perform worse than the baseline, with CNN-GRU achieving an RMSE of 14.91 and TCN-
GRU achieving an RMSE of 14.72. However, the CNN-GRU architecture shows the best
computational efficiency among the hybrid models, whereas the TCN feature extractor

significantly increases training time.

In the moderate and low data availability ranges, the TCN-GRU model performs best
in terms of RMSE, MAE, C-MAPSS score, and R?. In the moderate-data range, it
achieves RMSE, MAE, C-MAPSS, and R? values of 15.05, 10.29, 5.25 x 10%, and 0.7421,
respectively. Notably, AE-GRU ranks first in terms of AUC-RMSE in the moderate range,
whereas TCN-GRU ranks third for AUC-RMSE. However, in the low-data range, TCN-
GRU ranks first in all predictive metrics. Furthermore, CNN-GRU again remains the
most computationally efficient model, but it produces the weakest predictive performance

among the considered architectures.

In the very-low-data range, TCN-GRU continues to perform the strongest in terms of
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RMSE, MAE, C-MAPSS score, and R2. However, CNN-GRU achieves the best AUC-
RMSE despite having a substantially worse RMSE and a negative R?. This suggests that
CNN-GRU may perform relatively well across several lifecycle regions, although its overall

sample-weighted predictive accuracy is poor.

Under extreme scarcity, AE-GRU becomes the strongest model again. It achieves the best
RMSE, AUC-RMSE, MAE, C-MAPSS score, and R?, while the baseline GRU degrades
substantially. The GRU baseline has an RMSE of 45.34 and an R? of -1.7851, while
AE-GRU achieves an RMSE of 29.86 and an R? of -0.0459. Although AE-GRU still
does not explain the target variance strongly, its performance is substantially more stable
than the baseline and the other hybrid variants. The CNN-GRU model specifically is
observed to perform poorly in this setting, with an RMSE and MAE of 62.88 and 57.97,
respectively, and a R? of -3.59. This suggests that, on average, when the training sample
size is five engines or fewer, these models struggle to explain the variance and make reliable
predictions. Despite CNN-GRU’s poor RMSE and MAE scores, it still achieves a relatively

competitive AUC-RMSE score, ranking second in the extreme scarcity scenario.

AUC-RMSE Analysis

To further investigate the performance of the FE hybrid models, this section presents the
AUC-RMSE curves at specific engine counts. This includes scenarios where 80, 40 10,
and 5 engine degradation trajectories were used. For comparison, the GRU, Lasso and
Transformer models are plotted. All models compared were trained on the 14 selected

features (identified using correlation-based FS).
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Figure 6.5: AUC-RMSE lifecycle curves (solid) and standard RMSE (stippled) for CNN-
GRU, TCN-GRU and AE-GRU as well as the GRU and Lasso models trained on correlated
selected features across (A) high-data, (B) moderate-data, (C) low-data, and (D) extreme-

data scarcity.

Similarly to subsection 6.1.1, models generally show lifecycle-dependent error patterns,
where RMSE often peaks in the mid-lifecycle range before improving near the end of
life. Moreover, the neural-networks show a right-skewed shape for the 80 and 40 engine
scenarios, indicating that they perform best at near EOL. In the lower data scenarios, they
become more left-skewed. In addition, Lasso shows the same pattern as subsection 6.1.1,
in which it significantly performs worse in high-level data scenarios with a left-skewed
shape and becomes more competitive in lower data scenarios. Furthermore, despite CNN-
GRU reporting the weakest aggregate RMSE (recall Table 6.4), particularly under extreme
data scarcity, its lifecycle curve reveals a different pattern. Although it notably performs
worse at the early engine lifecycles in the low data scenarios, it remains competitive across
most lifecycle stages and shows particularly strong near EOL accuracy under the low- and
extreme-data scenarios. This discrepancy highlights the limitation of standard RMSE, as
CNN-GRU’s poor aggregate score is inflated by its large errors at the RUL cap rather

than across the degradation curve as a whole.

In the 80-engine scenario (Plot A), AE-GRU achieves the strongest lifecycle-wide perfor-

mance, remaining below the other models across much of the early- to mid-life range, and
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performing competitively with CNN-GRU at near EOL stages. All neural-network-based
models converge to very low RMSE values near EOL. At 40 engines (Plot B), the neural
architectures follow an even closer trajectory through the mid-life range. The main separa-
tion occurs near EOL, where the transformer remains slightly higher while the GRU-based

architectures continue to converge at lower RMSE values.

At 10 engines (Plot C), CNN-GRU reports a high overall RMSE, mainly due to its poor
predictions in the healthy high-RUL region, where many test labels are concentrated due
to the RUL cap discussed in Figure 6.2. However, the lifecycle curve shows that this poor
aggregate score does not reflect its behaviour across the entire degradation trajectory.
Once the engine moves beyond the capped healthy region, CNN-GRU becomes increasingly
competitive and achieves some of the lowest errors near EOL. The Transformer shows
the opposite pattern, struggling more than the other models through the mid-life range,
although it also converges toward a lower RMSE near failure. At 5 engines (Plot D), the
neural-network models begin to take on a curve shape more similar to that of Lasso. CNN-
GRU again performs poorly in the healthy high-RUL region, causing its overall RMSE
to rise above 50, but it becomes the strongest model across much of the mid to late-life
range. Therefore, this provides further evidence that its poor aggregate RMSE is driven

by early-life prediction errors rather than uniformly weak life-cycle performance.

6.3 Comparison with Published FD001 Results

For better context for the predictive performance presented in this work, the outcomes
from the current investigation were compared to other RUL prediction publications that
made use of the C-MAPSS FDO001 dataset. This comparison provides broader context
for the predictive performance achieved in the present study relative to previously pub-
lished results on the same benchmark dataset. However, the reported values should be
interpreted with the acknowledgement that differences in preprocessing, input-window
construction, validation procedures, hyperparameter optimisation, and test-set evaluation
protocols can influence the resulting RMSE values. Moreover, limited studies made eval-
uations over different scenarios of data availability, and subsequently the reported values
are compared based on the full 80-engine training dataset in this study, with the acknowl-

edgement that the other studies may have used different data-split approaches.

As shown in the table, among the selected published studies included for comparison,
the lowest RMSE values were reported by more specialised architectures, including the
Attention TCN-BiGRU model of Gong et al. (2022) with an RMSE of 11.17 and the
Transformer-based approaches of Kim et al. (2024) and Zhang et al. (2022), which re-
ported RMSE values of 11.36 and 11.43, respectively. The AE-GRU and GRU models
evaluated in the present study achieved RMSE values of 13.45 and 13.68, respectively.

For additional context, other published GRU-based implementations included in the com-
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Table 6.5: Contextual comparison of selected RUL-prediction architectures evaluated on
the C-MAPSS FDO001 dataset.

Study Architecture FD001 RMSE
Gong et al. (2022) Attention TCN-BiGRU 11.17
Kim et al. (2024) Transformer + ARR 11.36
Zhang et al. (2022) DAST Transformer 11.43
Present study GRU 13.68
Kim and Lee (2026) GRU 14.268
Present study CNN-GRU 14.91
Adryan Fitra Azyus et al. (2025) CNN-GRU 16.29

parison reported RMSE values of 14.268 for the GRU model of Kim and Lee (2026) and
16.29 for the CNN-GRU model of Adryan Fitra Azyus et al. (2025). In terms of compara-
ble GRU-based architectural implementations, the models evaluated in the present study
achieved competitive performance, while the compared attention- and Transformer-based
studies also demonstrate that more specialised state-of-the-art architectures can achieve
substantially lower RMSE values on FD0O1.

The architectures with the lowest RMSE scores differ considerably from the less complex
configurations investigated in this study. Gong et al. (2022) combined RF-based feature
selection and variational mode decomposition-based signal decomposition with an atten-
tion mechanism, TCN and BiGRU to incorporate multiple levels of feature extraction and
temporal modelling into one framework for predicting the RUL. The advantage of this
architecture is that the individual components address different aspects of the prediction
problem including feature selection and signal decomposition reduce irrelevant information
and noise, while the attention mechanism identified important multi-sensor information
and the TCN-BiGRU combination captured degradation behaviour across the temporal
sequence. Kim et al. (2024), on the other hand, developed a Transformer-based architec-
ture using Adaptive RUL-wise Re-weighting (ARR) to adjust the contribution of samples
from different RUL regions during training. This is advantageous because the Trans-
former can model long-range dependencies across the multivariate time series through
self-attention, while reportedly the ARR reduced the dominance of over-represented RUL
regions and placed greater emphasis on regions that the model finds more difficult to pre-
dict. Zhang et al. (2022) presented the Dual-Aspect Self-Attention based on Transformer
(DAST) architecture, where two parallel self-attention encoder modules were used to rep-
resent sensor-wise and time-step-wise information before fusing the extracted features to
predict the RUL. This is advantageous because the architecture can independently identify
both the sensors and time steps that contain the most relevant degradation information,

while the self-attention mechanism enables long-term dependencies to be captured without
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relying on recurrent processing.

In contrast, the GRU and CNN-GRU implementations evaluated in the present study
achieved lower RMSE values than the architecturally similar implementations reported
by Kim and Lee (2026) and Adryan Fitra Azyus et al. (2025), respectively. The present
GRU achieved an RMSE of 13.68 compared with 14.268 reported by Kim and Lee (2026)
for their conventional GRU under the capped RUL evaluation. However, the methodolog-
ical emphasis of their study was primarily on the formulation of the RUL target rather
than systematic optimisation of the GRU architecture. In the present study, the GRU
architecture and training parameters were systematically optimised using Optuna based
on validation RMSE, including the number of recurrent layers, number of units, dropout
rate, learning rate, and batch size. This resulted in a single GRU layer with 256 units,
a dropout rate of 0.3, a learning rate of 0.0005, and a batch size of 32. The systematic
optimisation of these parameters may therefore have contributed to the competitive GRU

performance obtained in the present study.

A similar distinction is evident for the CNN-GRU comparison. Adryan Fitra Azyus et al.
(2025) evaluated six predefined CNN-GRU configurations by varying the number of CNN
and GRU layers, while using a fixed batch size of 512, learning rate of 0.001, and maxi-
mum of 200 training epochs. In comparison, the CNN—-GRU architecture in the present
study was optimised using 30 Optuna trials, with convolutional depth, number of filters,
kernel size, pooling, and batch size included in the search. The selected configuration
consisted of one convolutional layer with 32 filters, a kernel size of 5, no pooling, and a
batch size of 256. This more systematic exploration of the CNN-GRU configuration may
partly explain the lower RMSE of 14.91 obtained in the present study compared with the
16.29 reported by Adryan Fitra Azyus et al. (2025). However, the studies also differ in
their input formulation and preprocessing, and the performance difference should there-
fore be interpreted contextually rather than as evidence that one optimisation procedure

is inherently superior.

6.4 Supervised Transfer Learning Results

This section addresses R4, which investigates whether supervised transfer learning strate-
gies can use source-domain knowledge to improve RUL prediction performance when lim-
ited labelled target-domain-data are available. To evaluate this, GRU models pretrained
in the source domains FD002 and FDO003 were transferred to the FD0O1 target domain
and fine-tuned using different amounts of labelled FD0OO1 data. Three transfer learning
strategies are considered: full fine-tuning (TL1), layer-freezing FE (TL2), and progressive
unfreezing (TL3). Their performance is compared against the GRU baseline trained di-
rectly on FD0O1 using the correlation-selected feature set. Table 6.6 presents the RMSE,
AUC-RMSE, MAE, C-MAPSS, R? and Training time. In addition, it includes the relative
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RMSE rank denoted by R-Rank and the AUC-RMSE rank denoted by A-Rank.
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Table 6.6: Test performance of the supervised transfer-learning strategies TL1, TL2, and
TL3 using FD002 and FDO003 as source domains, compared with the supervised GRU
baseline trained directly on FD001, across five training-data scarcity ranges. Lower RMSE,
AUC-RMSE, MAE, and C-MAPSS scores indicate better performance, while higher R?
indicates better model fit. R-Rank and A-Rank denote the rankings according to RMSE
and AUC-RMSE, respectively, and Time(s) denotes model training time in seconds.

Model RMSE AUC-RMSE MAE C-MAPSS R? Time(s) R-Rank A-Rank
80 to 40 Training Engines (High Data)
GRU 13.81 12.56 10.69 3.31e+04 0.7838 51.8 1 1
TL3 (FDO003) 14.81 15.27 11.02 4.62e+04 0.7518 130.5 2 3
TL3 (FD002) 15.26 16.41 11.17 5.83e4-04 0.7364 114.4 3 5
TL1 (FDO003) 15.26 14.54 11.34 4.54e+4-04 0.7429 60.0 4 2
TL2 (FDO003) 16.61 17.19 13.19 8.00e+-04 0.6848 98.0 5 6
TL1 (FDO002) 16.73 15.90 11.75 4.70e+04 0.7363 77.2 6 4
TL2 (FD002) 20.54 24.72 16.36 1.40e+05 0.5188 178.0 7 7
40 to 20 Training Engines (Moderate Data)
TL3 (FDO003) 15.33 16.23 11.14 5.31e+04  0.7337 68.6 1 3
GRU 15.45 14.24 12.11 4.81e+04 0.7295 42.5 2 1
TL1 (FDO003) 15.49 15.89 11.56 5.10e4-04 0.7230 42.3 3 2
TL3 (FD002) 16.14 16.56 11.44 6.38e+04 0.7048 74.9 4 4
TL2 (FDO003) 16.72 17.47 12.91 8.98e+04 0.6826 46.2 5 5
TL1 (FD002) 18.83 18.60 12.12 5.95e4-04 0.7026 57.2 6 6
TL2 (FD002) 20.99 26.17 16.30 1.77e+05 0.4878 128.7 7 7
20 to 10 Training Engines (Low Data)
TL1 (FDO003) 16.76 16.00 12.23 7.0le+04 0.6697 19.0 1 1
TL2 (FDO003) 16.98 17.12 13.46 8.28e+-04 0.6667 29.5 2 2
TL3 (FDO003) 18.64 17.60 13.12 8.80e+04 0.5981 42.8 3 3
GRU 19.94 18.31 16.19 1.13e+-05 0.5361 37.9 4 4
TL3 (FD002) 20.32 18.52 14.83 2.18e4-05 0.5206 49.0 5 5
TL1 (FD002) 20.59 21.25 14.41 1.50e+05 0.5524 35.7 6 6
TL2 (FD002) 22.07 25.33 18.23 2.44e+-05 0.3419 101.9 7 7
10 to 5 Training Engines (Very Low Data)
TL2 (FDO003) 17.10 17.16 13.61 8.30e+04 0.6594 26.6 1 2
TL1 (FDO003) 17.83 16.44 12.60 8.02e+04 0.6406 9.1 2 1
TL3 (FD003) 19.02 18.50 13.14 1.11e+05 0.5892 30.4 3 3
TL1 (FD002) 21.38 22.65 15.68 2.29e4-05 0.4501 28.4 4 6
TL3 (FD002) 22.06 21.54 15.13 2.81e+4-05 0.4478 43.4 5 5
GRU 22.21 20.64 17.34 3.14e4-05 0.4365 47.1 6 4
TL2 (FD002) 23.06 25.61 19.70 3.35e4-05 0.2245 54.1 7 7
<5 Training Engines (Extreme Scarcity)
TL2 (FDO003) 16.93 17.52 13.13 9.12e404 0.6686 32.7 1 2
TL1 (FDO003) 17.70 17.04 12.72 7.64e+04 0.6363 8.0 2 1
TL3 (FDO003) 20.92 18.43 14.74 1.22e+05 0.5005 25.7 3 3
TL1 (FD002) 23.78 24.91 20.66 3.93e+-05 0.0172 29.4 4 5
TL2 (FD002) 24.02 27.69 22.71 6.89e4+05  -0.1018 43.5 5 6
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TL3 (FD002) 28.71 24.21 19.93 3.80e+05 0.0475 33.2 6 4
GRU 45.34 28.30 40.39 8.09e+06  -1.7851 40.6

-

In the high-data scenarios, the evaluated GRU configuration performs better than the
evaluated supervised TL configurations across all accuracy metrics and in training time.
The TL3 approach is the top-performing TL strategy, ranking second and third in RMSE
of 14.81, 15.26 for both FD003 and FD002 respectively. Notably, the TL2 strategy that
involves a frozen GRU layer performs worse for all metrics when trained on the FD002
dataset (with a RMSE of 20.54) likely because the frozen GRU retains source-only repre-
sentations and cannot adapt to the larger FD002 to FD001 domain shift.

In the Moderate data range, the TL3 strategy trained on the source FD003 starts to show
the potential benefit. It marginally improves on RMSE, MAE and R? showing a score of
15.33, 11.14, and 0.73, respectively. However, GRU still scores the best AUC-RMSE score
(of 14.24 ) and C-MAPSS-score (of 4.81 x 10%) . GRU is still comparatively more efficient
than the other approaches, with the exception of TL1 trained on FD003 differing by only
0.2 s. Furthermore, the training times of the TL methods decrease substantially in this

range, with TL1 (FD003) showing a training time comparable to the GRU baseline.

In the low data range, the advantage of using supervised TL techniques becomes more
apparent. TL1 shows the greatest improvement over the GRU that performs the best in all
reported metrics (scoring an RMSE of 16.76 and an AUC-RMSE of 16.00). In addition, it is
observed that all TL methods significantly decreased in training time, where, for example,
the GRU only decreased by 4.6 s while TL1 (FD003) decreased by 23.3 s. The low data
range scores also clearly show the effects of the domain shift in terms of performance
for TL techniques since all TL techniques trained on the FD002 dataset scored worse
in RMSE and AUC-RMSE and C-MAPSS score compared to the GRU-baseline. TL2
(FD002) consistently ranks as the weakest TL configuration in low-data metrics, while
TL3 (FD002) performs closest to the GRU baseline among FD002-based strategies and
improves on the GRU in terms of MAE, achieving 14.83 compared to 16.19.

In the very low data range, all FD003 trained TL models continue to outperform the GRU
baseline. TL2 ranks first for RMSE (scoring 17.10) and R? (scoring 0.6594) while TL1
continues to perform the best on the AUC-RMSE, MAE and C-MAPSS score, with values
of 16.44, 12.60 and 8.02 x 104, respectively. In addition, TL1 is observed to be significantly

more efficient than all other strategies, taking only 9.1 s to train.

Notably, within the evaluated configurations, the supervised TL strategies show a substan-
tial benefit over the GRU baseline in the extreme-scarcity scenarios. Recall in Table 6.4
and Table 6.1 (the Hybrid Feature Extraction and Baseline Model Test Performance Across
Data Scarcity) it was observed that the models struggled to explain meaningful variance in
the data. For instance, among the hybrid models, the best-fitting model is the AE-GRU,
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which shows an R? of -0.0459, while among the baseline models, the linear regression
model provides the best test fit with an R? of 0.28. In contrast, the TL approaches using
the source domain FD003 dataset could all explain 50% or more of the variance, with TL2
scoring an R? of 0.67. Moreover, TL1 (FD003) continues to be the top performer in AUC-
RMSE, MAE, C-MAPSS score and training time, with values of 17.04, 12.72, 7.64 x 10*
and 8.0 s, respectively. TL2 (FD003) achieves the best RMSE and R?, with values of 16.93
and 0.6686, respectively. The GRU model performed significantly worse in all prediction
metrics. Notably, the TL methods trained on FD002 have difficulty accounting for the
variance in the data at this level, with the best of the three, TL3, achieving an R? of only
0.0475.

To visualise the added benefit or negative transfer when using TL approaches, Figure 6.6
presents the percentage improvement of each TL strategy compared to the baseline GRU.
The figure shows the improvement in terms of RMSE and AUC-RMSE performance.
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Figure 6.6: Improvement of supervised TL models over the GRU baseline, where TL1,
TL2 and TL3 refer to full fine-tuning, layer freezing and progressive unfreezing strategies,
respectively.

As shown in Figure 6.6, applying the proposed TL strategies in the high-data setting
does not provide an additional advantage over training directly on the target domain.
Instead, all TL strategies show a deterioration in performance, indicating negative transfer
when sufficient labelled target data is available. This is most severe for the TL2 strategy,
particularly when FDO002 is used as the source domain, where performance deteriorates
by 49.1% in RMSE and 97.0% in AUC-RMSE. However, it can be observed that as the

data availability decreases the TL strategies become more competitive. Particularly in the
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low to extreme data availability scenarios, a consistent improvement over the baseline is
evident. The advantage is, most apparent for the TL strategies trained on FD003 where all
three show an improvement above 50% for RMSE and above 30% for AUC-RMSE. Notably,
the TL models trained on FD002 show less promise in the low- and very-low-data ranges,
where improvements over the GRU baseline are smaller and less consistent. Although all
FDO002-based TL strategies improve RMSE by more than 35% under extreme scarcity, the
AUC-RMSE improvement remains marginal, with TL3, TL1 and TL2 improving by 14%,
12% and 2%, respectively. To fully visualise the performance of the supervised TL models
for all investigated data availability scenarios, Figure 6.7 plots the RMSE results for all
independent engine count scenarios for TL1, TL2 and TL3 and GRU baseline.
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Figure 6.7: Test RMSE across target-engine-count scenarios for supervised TL strategies
using FD002 and FDO003 as source domains, compared with the GRU baseline

Notably, across all tested training data availability scenarios, the TL models perform sig-
nificantly more consistently. The performance gain can particularly be seen when the total
number of observations falls below the 4 engine trajectories (746 observations). Notably,
the TL models trained on the FD003 data show a flatter /more horizontal line compared to
the FD002 TL models which slowly increase as data degrades. This further suggests that
FDO002 models depend more on the FD001 dataset, likely because of domain discrepancy,
whereas the similarity between FD003 and FD001 domains leads to more consistent model

performance.

6.4.1 AUC-RMSE Analysis of Supervised TL strategies

To investigate the reliability of the model performance across unweighted life cycle RUL
predictions, Figure 6.8 likewise presents the AUC-RMSE outcomes across all independent
engine-count settings. It includes TL1, TL2, TL3, and the GRU baseline.
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Figure 6.8: Test AUC-RMSE across target-engine-count scenarios for supervised TL
strategies using FD002 and FDO003 as source domains, compared with the GRU base-

line.

As observed earlier in terms of AUC-RMSE, the added benefit becomes less apparent for
the FDO002 trained TL models. As the TL models mostly stay above the baseline and
only show an advantage in the very extreme scarcity cases (where the engine count is less
than or equal to 2). However, the FD003 trained TL models show clear benefits under
data limitations, where they consistently perform better than the baseline in scenarios
with fewer than 20 engine trajectories and remain stable throughout all training data
availability scenarios. Figure 6.9 additionally presents the AUC-RMSE values for specific

training data availability scenarios, where plot A uses 80 engines, plot B uses 40 engines,

plot C uses 10 engines and plot D uses 5 engines.
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Figure 6.9: AUC-RMSE lifecycle curves (solid) and standard RMSE (stippled) for TL1,
TL2 and TL3, as well as the GRU and Lasso models, across four data-availability scenarios
using correlation-selected features as input: (A) 80 engines, (B) 40 engines, (C) 10 engines

and (D) 5 engines.

From these plots, it can also be observed that the GRU-baseline performs better in the
moderate to high data ranges across the entire lifecycle, with a particularly strong advan-
tage near EOL. In contrast, in the lower ranges, especially close to EOL, FD003-trained
TL models outperform the baseline. Furthermore, it can be observed that the TL2 strat-
egy exhibits the strongest right-skewed distribution and, especially in the higher data

scenarios, has difficulty making predictions near EOL compared with the other models.

6.5 Unsupervised Adaptation Results

This section addresses R6, which investigates whether unsupervised domain adaptation
can improve models trained only in the labelled source domain and how closely such
adapted models can compare with the performance of supervised training models. The
models compared are LSTM-DANN, GRU-DANN, and a GRU trained only on the labelled
source domain (referred to here as the source-only baseline). It should be noted that the
source-only model is trained exclusively on the source data set, and therefore its presented

results stay unchanged because it performs inference only on the fixed target data set
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while the source data remain constant (one scenario). Moreover, the FD002 and FD003
are used as separate source domains for all unsupervised models presented. Moreover, as
discussed in section 5.5, DANN variants use labelled source data together with unlabelled
target data from FDOO1 through adversarial domain training. All models use the same 14
correlation-based selected features. Table 6.7 presents the average test-set performance
across data scarcity scenarios for these approaches. It also includes the supervised GRU
results to assess how closely the adapted models perform compared with a supervised

model trained on the labelled target domain.

Table 6.7: Test performance of the source-only and DANN domain-adaptation models
using FD002 and FD003 as source domains, compared with the supervised GRU baseline
trained directly on FDO001, across five training-data scarcity ranges. Lower RMSE, AUC-
RMSE, MAE, and C-MAPSS scores indicate better performance, while higher R? indicates
better model fit. R-Rank and A-Rank denote the rankings according to RMSE and AUC-

RMSE, respectively, and Time(s) denotes model training time in seconds.

Model RMSE AUC-RMSE MAE C-MAPSS R2? Time(s) R-Rank A-Rank
High Data: Average over 80—40 Training Engines
GRU 13.81 12.64 10.69 3.31e+404 0.78 51.8 1 1
Source-only (FD003) 18.41 24.51 12.59 2.15e+05 0.62 79.6 2 2
GRU-DANN (FD003) 20.34 27.66 14.13 2.72e+05 0.53 96.6 3 3
LSTM-DANN (FDO003) 21.36 31.87 14.36 4.92e+4-05 0.48 186.7 4 5
LSTM-DANN (FD002) 24.39 31.93 20.24 2.14e+05 0.32 103.3 5 6
GRU-DANN (FD002) 27.27 31.09 24.54 1.65e4-05 0.15 125.2 6 4
Source-only (FD002) 36.71 43.39 25.04 1.91e+06 -0.53 205.6 7 7
Moderate Data: Average over 40—20 Training Engines
GRU 15.54 14.42 12.05 5.01e4-04 0.73 43.4 1 1
Source-only (FD003) 18.41 24.51 12.59 2.15e+05 0.62 79.6 2 2
GRU-DANN (FDO003) 20.36 26.98 14.06 2.64e+05 0.53 85.0 3 3
LSTM-DANN (FDO003) 21.00 29.60 14.28 3.88e+05 0.50 159.5 4 4
LSTM-DANN (FD002) 23.38 30.55 18.28 2.12e+05 0.38 130.6 5 6
GRU-DANN (FD002) 25.13 29.84 22.02 1.39e+-05 0.28 124.2 6 5
Source-only (FD002) 36.71 43.39  25.04 1.91e+06 -0.53 205.6 7 7
Low Data: Average over 20—10 Training Engines
Source-only (FD003) 18.41 24.51 12.59 2.15e4-05 0.62 79.6 1 2
GRU 19.94 18.14 16.19 1.13e405 0.5361 37.9 2 1
GRU-DANN (FDO003) 20.02 26.11 14.35 2.19e+05 0.55 64.3 3 3
LSTM-DANN (FDO003) 20.90 30.61 14.01 4.49e+05 0.51 176.5 4 5
LSTM-DANN (FD002) 25.24 28.04 20.08 2.10e4-05 0.27 107.4 5 4
GRU-DANN (FD002) 28.40 33.83 25.74 2.00e+05 0.09 137.2 6 6
Source-only (FD002) 36.71 43.39  25.04 1.91e4-06 -0.53 205.6 7 7
Very Low Data: Average over 10—5 Training Engines
Source-only (FD003) 18.41 24.51 12.59 2.15e4+05 0.6166 79.6 1 2
GRU-DANN (FD003) 20.20 26.25 14.64 2.17e4+05  0.5380 66.0 2 3
LSTM-DANN (FDO003) 20.94 30.18 14.32 4.15e4+05  0.5037 149.6 3 5
GRU 22.21 20.51 17.34 3.14e4+05  0.4365 47.1 4 1
LSTM-DANN (FD002) 26.65 29.44  23.47 1.48e4-05 0.1866 94.4 5 4
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GRU-DANN (FD002) 29.03 32.18 26.46 1.96e4+05 0.0458 117.7 6 6
Source-only (FD002) 36.71 43.39  25.04 1.91e4-06 -0.5253 205.6 7 7
Extreme Scarcity: Average over <5 Training Engines
Source-only (FD003) 18.41 24.51 12.59 2.15e+05 0.62 79.6 1 1
GRU-DANN (FDO003) 19.94 25.94 1441 2.13e+05 0.55 62.5 2 2
LSTM-DANN (FDO003) 21.11 30.71 14.46 4.12e+05 0.50 131.3 3 6
LSTM-DANN (FD002) 22.64 30.25 16.95 3.20e+05 0.42 142.1 4 5
GRU-DANN (FD002) 25.60 26.79 21.87 1.37e+405 0.25 104.2 5 3
Source-only (FD002) 36.71 43.39  25.04 1.91e4-06 -0.51 205.6 6 7
GRU 45.34 27.92  40.39 8.09e+06 -1.79 40.6 7 4

In the high-data range, the supervised GRU model performs best overall. It achieves the
lowest RMSE, AUC-RMSE, C-MAPSS score and training time and the highest R?. The
source-only baseline trained on FD003 performs best out of all unsupervised models. The
model scores an RMSE of 18.41, AUC-RMSE of 24.51, MAE of 12.59, C-MAPSS score
0f2.15 x 10°, and R? of 0.6166. However, the source-only model trained on FD002 per-
forms substantially worse, with an RMSE of 36.71, AUC-RMSE of 43.39, MAE of 25.04,
C-MAPSS score of 1.91 x 10%, and a negative R? of -0.5253.Therefore, within the evalu-
ated FD002 to FD00O1 configurations, both FD002-based DANN models achieved better
performance than the source-only FDO002 baseline, indicating a benefit from adversarial
training under this larger domain-shift setting. Moreover, in the high data setting the
GRU-DANN trained on FDO0O03 is the strongest DANN variant overall, with an RMSE of
20.34, AUC-RMSE of 27.66, MAE of 14.13, and R? of 0.5317. It also has a relatively low
training time of 96.6 seconds compared with the LSTM-DANN trained on FD003, which
requires 186.7 seconds. However, the benefit of using a GRU-based DANN over an LSTM-
based DANN is not consistent across source domains. The LSTM-DANN performs better
than the GRU-DANN in RMSE, MAE, C-MAPSS score, and R2, (scoring an RMSE of
24.39 and R? of 0.3234) compared with the GRU-DANN FD002 model (scoring RMSE of
27.27 and R? of 0.1459).

In the moderate-data range, the supervised GRU remains the best model overall. However,
it is observed that the performance gap between supervised target-domain training and
the FDO003 transfer models becomes smaller. The supervised GRU RMSE increases from
13.81 in the high-data range to 15.54 in the moderate-data range. The source-only models
remain almost unchanged in performance across the data ranges. The FDO003 source-
only model becomes relatively more competitive as the amount of labelled FD001 data
decreases since it is trained on a fixed amount of source data. Moreover, the DANN
models become slightly more competitive in the moderate-data range. The GRU-DANN
FD003 model achieves an RMSE of 20.36, AUC-RMSE of 26.98, MAE of 14.06, and R? of
0.5310. Compared with the high-data range, its AUC-RMSE improves from 27.66 to 26.98,
while its other metrics remain relatively stable. Similarly, the LSTM-DANN FDO003 model
improves from an RMSE of 21.36 to 21.00 and from an R? of 0.48 to 0.50. The FD002-
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based DANN models also improve slightly, particularly the GRU-DANN FD002 model,
whose R? increases from 0.15 to 0.28. These results suggest that the DANN models are
less directly affected by the reduction in labelled target data than the supervised GRU

model.

Notably, in the low-data range, the source-only FD003 model achieves the best perfor-
mance in terms of RMSE, MAE, and R?, with an RMSE of 18.41, an MAE of 12.59, and
an R? of 0.6166. In comparison, the supervised GRU model drops in to an RMSE of
19.94, an MAE of 16.19, and an R? of 0.5361. However, the supervised GRU still per-
forms best in terms of AUC-RMSE in the low-data range, with a value of 18.14 compared
with 24.51 for the source-only FD003 model. This suggests that although the source-only
FDO003 model achieves better average pointwise accuracy, the supervised GRU maintains a
stronger prediction trajectory across the life cycle. Furthermore, the FD003-based DANN
models are also competitive in the low-data range compared to the supervised GRU. The
GRU-DANN FD003 model achieves an RMSE of 20.02 and an R? of 0.5464, while the
LSTM-DANN FD003 model achieves an RMSE of 20.90 and an R? of 0.5059. These
values are comparable to the supervised GRU model’s RMSE of 19.94 and R? of 0.5361.

In the very-low-data range the advantage of the FD003-based transfer models becomes
more apparent. The source-only FD003 model remains the best-performing model for
RMSE, MAE, and R?, with an RMSE of 18.41, MAE of 12.59, and R? of 0.6166. The
GRU-DANN FDO003 model also remains stable, with an RMSE of 20.20, MAE of 14.64,
and R? of 0.5380. The LSTM-DANN FD003 model records an RMSE of 20.94 and R?
of 0.5037, all values stronger than the supervised GRU model in terms of RMSE, MAE
and R?, where the GRU achieves an RMSE of 22.21, MAE of 17.34, and R? of 0.4365.
This result shows that the supervised GRU model becomes increasingly limited when the
labelled target data is severely reduced. Although it still achieves the best AUC-RMSE
score of 20.51, its general error metrics deteriorate substantially. Notably, the FD003-based
transfer models remain comparatively stable across the low- and very-low-data ranges. For
example, the GRU-DANN FD003 model changes only slightly from an RMSE of 20.02 in
the low-data range to 20.20 in the very-low-data range, while its R? decreases only slightly
from 0.5464 to 0.5380. Moreover, the models trained on the FD002 source are still failing
when there are low amounts of data available. The highest performing DANN model using
FDO002 as base, by R? performance, is the LSTM-DANN (FD002) with a R? value of 0.19.
In spite of being the most successful at achieving the lowest C-MAPSS scores in very-low-
data sets with a C-MAPSS score of 1.48 x 10°, the RMSE is 26.65 and MAE is 23.47.
Furthermore, GRU-DANN (FD002) performed even worse than LSTM-DANN (FD002)
with RMSE of 29.03 and R? of 0.0458. However, in particular, both FD002-based DANN
models outperformed the source-only FD002 baseline, with the FD002 baseline attaining
an RMSE of 36.71 and a negative R? of -0.5253. This suggests that for datasets such
as FDO002, where the source-target domain shift is larger, adversarial learning is more

effective than the source-only method.
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In the extreme-scarcity scenario, the source-only FD003 model again achieves the best
RMSE, AUC-RMSE, MAE, and R?, with an RMSE of 18.41, AUC-RMSE of 24.51, MAE
of 12.59, and R? of 0.6166. The GRU-DANN FD003 model is the second-best model, with
an RMSE of 19.94, AUC-RMSE of 25.94, MAE of 14.41, and R? of 0.5499. The FD002-
based DANN models improve marginally compared with the very-low-data setting. For
example, the GRU-DANN FDO002 model improves from an RMSE of 29.03 to 25.60 and
from an R? of 0.0458 to 0.2510. The LSTM-DANN FD002 model also achieves an RMSE
of 22.64 and R? of 0.4196, which is significantly better than its very-low-data scenario
score of R? of 0.1866. Moreover, the source-only (FD002) and supervised GRU models

perform significantly worse than all DANN variants, scoring negative R2.

To further answer item R7, which investigates the effect of domain shift on performance,
Figure 6.10 plots the relative improvement of the DANN models compared to the GRU
trained only on the source domain. Specifically, it plots the relative improvement for the
FD002 to FD001 and FD003 to FD0O1 transfer settings in terms of RMSE and AUC-
RMSE.
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Figure 6.10: Improvement of unsupervised TL, including GRU-DANN and LSTM-DANN
models, over the source-only GRU

From Figure 6.10 shows that, within the evaluated FD002 to FD001 configurations, the
DANN models provided an improvement over the source-only baseline under the larger
domain-shift setting. In particular, the added benefit is slightly more prevalent for the
LSTM-DANN architecture in terms of overall RMSE improvement above 27% for all data
scenarios (with the highest improvement observed in the extreme scarcity scenarios of
38%) . However, in terms of AUC-RMSE, there is no clear superior DANN variant, where
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GRU-DANN performs slightly better in the high, moderate, and extreme data scenarios,
and the LSTM-DANN performs better in the low to very low ranges. However, when the
domain shift is smaller (as in the FD003 to FD001 setting), the added benefit of DANN
models is not observed. In this evaluated FD003 to FD0O01 setting, the DANN models
perform worse than the source-only baseline. Notably, the LSTM-DANN is observed to
yield the highest negative transfer for all data ranges. To further visualise the performance
of the DANN models, Figure 6.11, plots the test RMSE results for all independent engine
count scenarios for GRU-DANN, LSTM-DANN, and source-only GRU. In addition, for

comparison, the supervised GRU is also plotted.
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Figure 6.11: Test RMSE results for all independent engine-count scenarios for GRU-
DANN, LSTM-DANN and the source-only GRU, as well as the supervised GRU baseline.

Through Figure 6.11, it is observed that in the case of FD002 to FD001 TL, the perfor-
mance of the DANN models, in different data scarcity scenarios, is stable compared to
the supervised GRU. Moreover, within the evaluated FD002 to FD001 setting, the DANN
models achieved lower RMSE than the source-only GRU across all engine-count scenarios.

In the case of FD0O03 to FDOO1 transfer learning, the models show very consistent hori-
zontal performance. In particular, the single-source GRU slightly performs lower RMSE

values than the DANN variants. Moreover, the graphs show that it is not so clear which
DANN variant performs best since in both FD002 and FDO003 source data settings, they

alternate in best performance at varying engine availability scenarios.

6.5.1 AUC-RMSE Analysis of Domain Adaptation TL Strategies

Figure 6.12 plots the test AUC-RMSE results for all independent engine count scenarios for
GRU-DANN, LSTM-DANN and source-only GRU as well as the supervised GRU baseline.
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Figure 6.12: The test AUC-RMSE results for all independent engine count scenarios for
GRU-DANN, LSTM-DANN and source-only GRU as well as the supervised GRU baseline.

Compared with Figure 6.11, the AUC-RMSE trends differ for both the FD002 to FD001
and FDO003 to FDOO1 transfer scenarios. For both cases, the AUC-RMSE scores are
notably more unstable across the different engine-availability scenarios. For the evaluated
FDO002 to FDO001 transfer setting, both DANN models achieved lower AUC-RMSE than
the source-only model across all engine-count scenarios, while neither DANN variant was
consistently best. In the FD003 to FDO001 transfer setting, the GRU-DANN is observed
to perform consistently better than the LSTM-DANN for almost all engine-availability
scenarios. However, as observed earlier, the source-only baseline performs consistently
better than the DANN models. Furthermore, the advantage of having labelled data for
supervised learning becomes more apparent in the high-data ranges and remains superior

when training-data scarcity is not low.

To provide a more detailed assessment of AUC-RMSE performance, Figure 6.13 displays
the test AUC-RMSE lifecycle trajectories (solid lines) together with the corresponding
standard RMSE scores (dotted lines) for GRU-DANN, LSTM-DANN and the source-only
GRU trained on FD002. Moreover, these are compared against the supervised GRU base-
line. The results are reported for four target-data availability settings using the correlation-

based feature subset.
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Figure 6.13: AUC-RMSE lifecycle curves (solid lines) and standard RMSE values (stippled
lines) for GRU-DANN, LSTM-DANN and source-only GRU trained on FD002, compared
with the supervised GRU baseline trained on labelled FD001 target-domain-data. Results
are shown for four target-data availability scenarios using the correlation-based selected

feature subset: (A) 80 engines, (B) 40 engines, (C) 10 engines and (D) 5 engines.

Interestingly, from Figure 6.13, it is observed that DANN models perform better compared
to the supervised GRU model in the early stages (90 to midlife 60 RUL cycles) for all
data availability scenarios. However, it performs notably worse at the RUL cap (125)
and in the near EOL RUL. This upward trend in RMSE suggests that the FD002-based
DANN models do not capture the near-EOL degradation behaviour as reliably as the
supervised GRU. This can be further visualised through Figure 6.14, which plots the
predicted versus actual RUL on the FDO0O1 test set for the GRU-DANN (FD002 as source)
and similarly Figure 6.15 for the LSTM-DANN (FD002 as source). Each point index is
one sliding-window test observation, and the blue and red show true and predicted RUL
values, respectively. In addition, a similar plot for the source-only baseline is presented in
Figure 6.16.
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Figure 6.14: Predicted versus actual RUL on the FDOO1 test set for the GRU-DANN
model using FD002 as the source domain. Fach point index represents one sliding-window

test observation, with the blue series showing the true RUL and the red series showing

the predicted RUL.
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Figure 6.15: Predicted versus actual RUL on the FD0O1 test set for the LSTM-DANN
model using FD002 as the source domain. Fach point index represents one sliding-window
test observation, with the blue series showing the true RUL and the red series showing

the predicted RUL.
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Figure 6.16: Predicted versus actual RUL on the FDO0O01 test set for the source-only GRU
model using FD002 as the source domain. Each point index represents one sliding-window
test observation, with the blue series showing the true RUL and the red series showing

the predicted RUL.

As evident by Figure 6.14 and Figure 6.15. It is further visualised that the DANN models
struggle to make predictions at the very early healthy life cycles and the near EOL RUL
cycles and make most of their predictions between 100 and 60 RUL cycles (early- to mid-
term life cycles). In contrast Figure 6.16 the source-only baseline shows significant noise

and collapses toward very low or near-zero RUL while the true RUL is relatively healthy.

As highlighted in Table 6.7 the AUC-RMSE scores show more promising results when
using FD003 (closer domain similarity). Figure 6.17 plots the AUC-RMSE lifecycle curves

for the FD003 source data case.
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Figure 6.17: AUC-RMSE lifecycle curves (solid lines) and standard RMSE values (stippled
lines) for GRU-DANN, LSTM-DANN and source-only GRU trained on FD003, compared
with the supervised GRU baseline trained on labelled FD001 target-domain-data. Results

are shown for four target-data availability scenarios using the correlation-based selected

feature subset: (A) 80 engines, (B) 40 engines, (C) 10 engines and (D) 5 engines.

As observed in Figure 6.17, the DANN models show the expected bell-shaped lifecycle error
pattern, indicating stronger predictive reliability near the EOL RUL cycles and higher
errors around the mid-life region. The FD003-based models perform comparably during
the early healthy stages of the engine lifecycle, but their behaviour diverges more notably as
the lifecycle approaches EOL. In low-data and extreme-scarcity scenarios, the supervised
GRU shows higher RMSE during the early lifecycle regions, which increases its overall
RMSE. However, across much of the remaining lifecycle, the supervised GRU remains
the model with the strongest performance. Notably, in the extreme-scarcity scenario, the

source-only baseline outperforms the supervised GRU near EOL.

To further demonstrate the DANN and source-only models’ ability to predict the RUL near
EOL the predicted verses true RUL plots can be referred to in Figure 6.18 (GRU-DANN),
Figure 6.19 (LSTM-DANN), Figure 6.20(source-only GRU). In addition, the supervised
GRU-predicted versus true RUL plots are also presented (Figure 6.21).
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Figure 6.18: Predicted versus actual RUL on the FDO0O1 test set for the GRU-DANN
model using FD003 as the source domain. FEach point index represents one sliding-window
test observation, with the blue series showing the true RUL and the red series showing
the predicted RUL.
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Figure 6.19: Predicted versus actual RUL on the FD0O1 test set for the LSTM-DANN
model using FD003 as the source domain. FEach point index represents one sliding-window

test observation, with the blue series showing the true RUL and the red series showing

the predicted RUL.
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Figure 6.20: Predicted versus actual RUL on the FDO0O01 test set for the source-only GRU
model using FD003 as the source domain. Each point index represents one sliding-window

test observation, with the blue series showing the true RUL and the red series showing

the predicted RUL.
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Figure 6.21: Predicted versus actual RUL on the FDO0O01 test set for the Supervised-
GRU model using labelled FDO0O1 training data. Each point index represents one
sliding-window test observation, with the blue series showing the true RUL and the red

series showing the predicted RUL.

In Figure 6.18 and Figure 6.19, it can be observed that the DANN variants trained with
the FDO003 data set show a much better ability to predict the RUL across the full lifecycle
range compared to the DANN models trained with FD002. Notably, the GRU-DANN
model makes a substantial amount of over-predictions in the early-life region, where the
predicted RUL values hover slightly above the capped RUL. However, these predictions
are still within close proximity of the RUL cap, whereas compared to the LSTM-DANN,

the GRU-DANN predictions are also more noisy across the windowed observations.

The LSTM-DANN model, shows a different pattern of predictions. It still follows the
general shape of the actual RUL values, but it consistently undershoots the RUL cap by
a marginal amount in the early-life region. In addition, it is apparent that the model con-
sistently overshoots when the actual RUL nears the EOL region. However, both DANN
variants show a consistent performance across the different target-engine scenarios. The
source-only GRU shown in Figure 6.20 also shows an ability to make predictions through-
out the RUL lifecycle. In most cases, it is able to predict the RUL reasonably well as the
actual RUL nears EOL. However, for the source-only GRU and the two DANN variants,
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it is observed that in some cases the predictions significantly overshoot the actual RUL.

As observed in Figure 6.21, the supervised GRU model demonstrates strong overall pre-
dictive performance in the 80 target-engine setting, achieving an RMSE of 13.3. The
RUL values generally closely follow the actual RUL values, particularly within the capped
high-RUL region. In particular, compared to the DANN variants and the source-only
GRU, the supervised GRU has fewer instances where significant overshooting occurs near
the EOL region. Furthermore, it is observed that as the number of target training en-
gines decreases, the supervised GRU starts to struggle more with predicting the early-life
capped RUL region. This is especially notable in the 10 and 5 engine scenarios, where the
predictions show lower deviations more frequent from the actual capped RUL. However,
across all target-data scenarios, it is still observed that the predictions follow the actual
RUL relatively closely in the mid to near-EOL RUL cycles.

6.6 Discussion

This section aims to consolidate the findings by addressing the seven research questions
defined in subsection 1.1.5. Subsequently, the models that perform best (R1) and the
effects of feature engineering (R2) under low-data scenarios are identified. Furthermore, a
comparison between AUC-RMSE and traditional metrics is discussed R3. This is followed
by a discussion of whether applying supervised TL techniques improves model performance
R4. In response to R5 it is assessed whether source-domain models provide competitive
performance on target domains when target data is not available. Then R6 is addressed
by discussing the relative performance of unsupervised domain adaptation when labelled
target data are not available. R7 then discusses whether the severity of the domain
shift between the source and target domains affects the relative effectiveness of the TL

strategies.

6.6.1 Model Robustness Under Data Scarcity

The results show that the best-performing architecture under full-data conditions (80
training engines) is not necessarily the most robust under data scarcity. Of all baseline
models, the GRU performed the best overall in the high and moderate data ranges. This
indicates that its gating structure (see section 2.1.3) is well suited to these scenarios.
However, the Transformer shows the most robustness out of all neural-network-based
models as data become scarce. It ranked second in RMSE for the high- and moderate-
data scenarios and consistently outperformed the other neural-network-based models in
the lower-data settings. As discussed in section 2.1.3, Transformers can model long-range
dependencies and interactions, and their attention mechanism reduces the path length

between distant positions to a constant. This may allow the Transformer to extract
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informative relationships from each input window more effectively when fewer training

engines are available.

Furthermore, it was observed that the neural-network-based models showed superior per-
formance in higher-data settings compared to tree-based and regression models. However,
as data becomes more scarce, the simpler linear models start to become more compet-
itive, while neural-network-based models, particularly RNN, degrade significantly. This
is likely because neural-networks have substantially more parameters than linear models
and are therefore more prone to overfitting when less training data is available. However,
the Transformer model was observed to perform the best in the lower-data settings, and
only in the extreme-data settings does it perform marginally worse than the linear and

tree-based models.

6.6.2 Effect of Feature Engineering Under Low-Data Conditions

With regard to R2, FS did not provide a consistent predictive improvement or degra-
dation, but showed an evident computational advantage. The main effect of FS was a
substantial reduction in training time, especially for the RNNs. In terms of the prediction
metrics, F'S often worsened the GRU and LSTM RMSE, particularly under lower-data
settings. This implies that some of the removed features still contained useful degra-
dation information. However, the Transformer was less negatively affected and, in the
lower ranges, an improvement was observed. Poly2 showed the greatest advantage from
training on a dimensionally reduced dataset. This is consistent with the discussion in
section 2.1.1, where polynomial regression is described as highly sensitive to dimension-
ality because the number of terms grows combinatorially. Moreover, the application of
FE showed benefit, particularly as the data was reduced. AE-GRU was strongest in the
high-data and extreme-scarcity ranges, TCN-GRU was strongest in the moderate, low,
and very-low-data ranges, and CNN-GRU showed a notable discrepancy between RMSE
and AUC-RMSE, where it performed notably poorly in terms of RMSE but competitively
in terms of AUC-RMSE.

6.6.3 Comparison Between AUC-RMSE and Traditional Metrics

In response to R3, the AUC-RMSE metric is observed to expose different conclusions
from the more traditionally used RMSE. This is expected since the RMSE metric can be
biassed if more test labels are concentrated within a specific stage of the asset life-cycle,
as evident in Figure 6.2. However, the AUC-RMSE metric weights predictions throughout
the turbofan engine life cycle more evenly. Therefore, if a model performs anomalously
poorly or anomalously well in a densely populated life cycle stage, this will not dominate

the overall result to the same extent and the other stages of the life cycle will be weighted
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more evenly. To observe these differences, the relative RMSE and AUC-RMSE ranks were
compared to determine whether a model improved or decreased in rank depending on the
metric used. The observed differences did not consistently show an increase or decrease
in rank. For example, the most notable increase in rank when assessing based on AUC-
RMSE was the BiLSTM in the 40 to 20 engine range, ranking 9th in RMSE but 1st in
AUC-RMSE. In contrast, in the 10 to 5 engine setting, TCN-GRU scored first in RMSE
but last of all hybrid approaches in terms of AUC-RMSE. Similarly, CNN-GRU showed
significantly worse RMSE compared to all hybrid models, but ranked first in AUC-RMSE

in the very low data range.

Moreover, AUC-RMSE shows a particular advantage when using the AUC-RMSE life-cycle
plot, as it shows the predictive accuracy across each stage of the turbofan engine life cycle.
This subsequently enables observations that expose whether models reliably predict RUL
across all life-cycle ranges, or whether they perform better in the early-life region, where
the engine is in a healthier state, or near EOL, where the engines start demonstrating
more notable degradation patterns. For example, by assessing the shape of the plot, if it
is right-skewed, as most notably shown by the Lasso and TL2, it can be observed that the
models comparatively struggle with near-EOL predictions. Furthermore, it was observed
that most models showed a bell-shaped curve, performing particularly well very near the
EOL. This trend is anticipated, as the sensor data show more distinct and characteristic
degradation patterns near EOL. However, as shown in Figure 6.13, the LSTM-DANN
(FD002) and GRU-DANN (FD002) curves showed an initial reduction in error, followed
by a steady increase as they approached the EOL. This indicates that the FD002 dataset
helps the DANN models primarily in learning the more general early-life behaviour of
engine degradation but is not sufficient for accurate RUL predictions near EOL, since the

models trained with FD003 display the expected bell-shaped curve.

6.6.4 Effectiveness of Supervised Transfer Learning

In response to R4, it is observed that in the high-data range the TL strategies did not
provide a benefit and instead caused a negative transfer compared to GRU. However, the
benefit of TL became more evident as data scarcity settings became scarcer. In particular
in low-engine scenarios, all supervised TL techniques improved performance, provided
that they were trained with the FD003 dataset as the source. Across the evaluated low- to
extreme-scarcity settings, the FD003-trained TL configurations generally achieved better

performance than the GRU baseline.

In further response to R4 and R7, it was found that TL models using FD002, which has a
larger domain shift, as the source data set generally struggled to outperform the baseline,
providing an advantage only under the most data-scarce conditions. In contrast, TL

models trained on FD003, which has a smaller domain shift, began to offer improvements
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much earlier in low-engine settings (20 to 10 engines). Additionally, models trained with
FDO003 showed less pronounced negative transfer at higher data availability levels compared
to those trained with FD002 as the source. This discrepancy highlights the difficulty for
the supervised TL models to adapt to the target domain when the domain shift is large.
Moreover, in response to R1, the best performing TL strategy was dependent on the data
availability scenario, as well as the source data set used. In the higher-data scenarios, TL3
with both FD002 and FD003 performed the best. TL3 with FD003 continued to be the
top-performing model in the moderate-data ranges. However, in the lower-data settings,
TL1 and TL2 with FDO003 performed consistently better. Of the FD002-trained models,
TL3 showed the best performance in high to moderate-data settings, while TL1 showed

the best performance in lower-data settings.

6.6.5 Source-Only Transfer and Unsupervised Domain Adaptation

In response to whether domain adaptation strategies that function without labelled target
data achieve better performance than models trained only on source domain data (R5
and R6), the results showed the metric scores for two variants of DANN, namely LSTM-
DANN and GRU-DANN, as well as GRU models trained only on the source domain. To
further respond to R6, the supervised GRU was included for comparison. As expected,
in the high- to moderate-data ranges, the supervised GRU performed substantially better
than the unsupervised TL approaches. This is because the supervised GRU has access
to a sufficient amount of target labelled data in these settings. In particular, the source-
only baseline performed better than the DANN techniques when trained on the FD003
dataset, which has a domain gap closer to FD001. However, it consistently performed
the worst when trained on the FD002 dataset, which has a larger domain gap. This
was observed across all data ranges, where in the scenario where only FD002 is available
for source training, the DANN variants consistently outperformed the source-only model.
Within the evaluated source-target configurations, this pattern suggests that adversarial
adaptation was beneficial in the larger FD002 to FD001 domain-shift setting, whereas
the source-only approach remained competitive in the smaller FD003 to FD0O01 setting.
Furthermore, although the supervised model shows the expected superior performance in
the high to moderate-data ranges, it was observed that as the data become more scarce, the
source-only and DANN models become more competitive. In particular, in the low-data
range, the source-only baseline trained in FD003 outperformed the supervised GRU in
terms of RMSE, MAE and R?. Moreover, in the very-low-data range, the DANN variants
also showed better performance for these metrics, and in the extreme-scarcity settings, all

source-only and DANN models performed better than the supervised GRU.

However, as exposed by Figure 6.13, the models trained with FD002 struggled to make
near-EOL predictions compared to the supervised GRU. Nevertheless, the DANN models

showed a clear benefit compared to the source-only model by providing superior early-life
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predictions and competitive predictions near EOL. In contrast, the unsupervised models
trained with FD003 showed a good ability to make predictions in the early- and near-
EOL RUL prediction cycles, but the supervised GRU showed superiority for mid-life RUL
predictions (Figure 6.17).

To provide contextual comparison with the published LSTM-DANN results Table 6.8
presents the LSTM-DANN RMSE results of Da Costa et al. (2020), whose LSTM-DANN

architecture and selected hyperparameter configurations were adopted for this study.

Table 6.8: Contextual comparison of LSTM-DANN test RMSE with the results reported
by Da Costa et al. Da Costa et al. (2020).

Transfer Setting Da Costa et al. Present Study
FD002 to FD001 28.10 +5.03 24.39
FDO003 to FD001 31.74 +£9.37 21.36

It is observed that the present study achieves notably lower RMSE values. However
even though the current implementation produced lower RMSE scores for both transfer
scenarios, it is necessary to note that the methodologies between Da Costa et al. (2020)
and the present study differs. For example Da Costa et al. (2020) kept all 21 sensors
and independently normalised each domain. The current methodology utilises the 14
correlation features chosen and standardised. In addition some of the discrepancies may
be indicative of the inherent stochasticity associated with training DANN. Da Costa et
al. (2020) indicated that there was significant variation amongst runs, specifically the
standard deviation was approximately 5 RUL cycles for FD002 to FD0O01 and greater
than 9 RUL cycles for FD003 to FD001. Other discrepancies include data preprocessing
steps where Da Costa et al. (2020) used min-max scaler as opposed to standardisation.
Despite these differences, the performance improvement achieved in the present study
appears substantial. Future work should therefore investigate the sensitivity of DANN
performance to the selected feature space, particularly the influence of non-informative or

constant sensor measurements on domain alignment and RUL prediction.

6.6.6 Sensitivity Analysis

In order to assess the stability of the discussed findings, a sensitivity analysis is presented.
Specifically, five seeds (42, 84, 123, 222 and 333) were used to evaluate representative mod-
els, including Lasso, Poly2, XGB, GRU, Transformer, all three fine-tuning techniques, and
both the LSTM-DANN and GRU-DANN implementations. Each seed was applied to the
training-engine subset selection and model training. Furthermore, the analysis considers
the 40, 20, 10 and 5 training-engine scenarios, where greater variability is expected as
the available training data decrease. Table 6.9 shows the sensitivity of test RMSE to the
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selected training-engine count. The transfer-learning and domain-adaptation results are
reported for both the FD003 to FD001 and FD002 to FDO001 settings..

Table 6.9: Sensitivity analysis of test RMSE across selected training-engine counts, re-

ported as mean + standard deviation across five different seeded runs.

Model 40 eng 20 eng 10 eng 5 eng
FDO003 to FD001
TL1 1544+ 0.46 16.15+0.39 17.05+£0.50 17.35+0.41
TL2 16.90 £0.18 16.93+0.25 17.25+£0.16 17.41+£0.22
TL3 15.26 £ 0.52 15.79+0.32 17.74£2.13 18.06 £0.55
LSTM-DANN 21.754+0.84 21.53+0.60 21.46+0.44 21.70+£0.73
GRU-DANN  20.02£0.74 20.12+£0.46 20.23+0.74 20.55+0.97
FDO002 to FD001
TL1 1594 +0.41 16.79+£0.28 19.08£1.99 20.69=£0.91
TL2 21.58 £0.67 21.93£0.55 23.38+1.48 25.07+2.01
TL3 1597+ 0.35 16.62+0.25 18.87+£2.72 20.34 £0.63
LSTM-DANN 26.78 +£3.05 25.60+2.01 30.90+£4.85 29.40+2.73
GRU-DANN 2929 +£4.91 29.77+3.83 33.59+4.91 32.38+6.32

From Table 6.9 the repeated runs show that the main model-family trends reported broadly
align with the original experiments. The linear models remain comparatively stable as
the amount of training data decreases. The GRU and Transformer continue to provide
the strongest baseline performance in the higher-data scenarios. Notably, the poorer-
performing models generally show greater variability. For example, GRU-DANN using
FDO002 as the source domain achieves a mean RMSE of 33.59 at 10 engines with a standard
deviation of 4.91, while LSTM-DANN achieves 30.90 4 4.85 under the same setting. In
comparison, the GRU at 40 engines achieves a substantially lower mean RMSE of 13.97

with a standard deviation of only 0.38.

The repeated-seed results provide additional context to the previously reported Trans-
former robustness. Across the selected 40, 20, 10 and 5 engine scenarios, the GRU achieves
a lower mean RMSE than the Transformer. However, the earlier robustness finding was
primarily associated with the more extreme sub-five-engine scenarios, where the GRU per-
formance degraded more sharply while the Transformer remained comparatively stable.
A similar tendency is visible in the sensitivity analysis at the lower-data settings, where
the Transformer shows lower variability than the GRU at both 10 engines (0.89 compared
with 1.41) and 5 engines (1.13 compared with 1.78). This suggests that although the
GRU achieves the lower mean RMSE at these selected engine counts, the Transformer

remains slightly less sensitive to variation between seeded runs as the available training
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data decrease.

For supervised TL, the repeated runs continue to support the general advantage of the
FDO003 to FD0O01 setting over FD002 to FD001, consistent with the smaller source-target
discrepancy previously identified. However, the exact ranking between closely performing
strategies should not be over-interpreted. For example, at 10 engines in the FDO003 to
FDO0O01 setting, TL2 achieves 17.25 + 0.16 RMSE while TL3 achieves 17.74 £+ 2.13. The
relatively large variation in TL3 compared with the small difference in mean RMSE indi-
cates that it would not be appropriate to make a strong claim regarding which of the two
strategies is definitively superior in this range. A similar caution applies to other closely

performing configurations.

The DANN results also remain consistent with the previously reported domain-shift find-
ings. For both the LSTM-DANN and GRU-DANN implementations, the FD003 to FD001
configuration remains comparatively stable across the evaluated engine counts, whereas
the FDO002 to FD0O1 configuration exhibits both higher error and greater variability. For
example, LSTM-DANN achieves standard deviations below one RUL cycle across all eval-
uated FD003 to FDOO01 scenarios, compared with standard deviations ranging from 2.01
to 4.85 for FD002 to FDO001. This further indicates that the larger domain discrepancy
between FD002 and FD0O1 presents a more challenging adaptation setting.

It should be acknowledged that the sensitivity analysis did not repeat the hyperparameter
optimisation process across different Optuna seeds or alternative hyperparameter search
ranges. Due to the wide experimental scope of the study, repeating the complete hyper-
parameter optimisation process across multiple seeds and model configurations was not
computationally feasible. The selected hyperparameters were therefore retained during
the repeated-seed analysis so that variability associated with training-data selection and
stochastic model training could be assessed independently of changes in model configura-
tion. Therefore, the sensitivity of the reported results to alternative optimisation outcomes

was not quantified and remains an area for future investigation.

6.6.7 Limitations and Future Work

Although the findings provide key insight into RUL prediction under limited labelled
target-domain-data, several limitations should be noted. First, the experiments were con-
ducted only on the C-MAPSS dataset. It should be acknowledged that the experiments
conducted in this study is done on a synthetic dataset and may not represent the com-
plexities of real-world data where non-simulated variability exists. Although C-MAPSS
is a widely used benchmark for RUL prediction (as seen in section A.5, which discusses
the types of data used in PdM research), degradation patterns can vary between different

PdM datasets as they can differ in equipment types, operating environments, and fail-
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ure modes. Furthermore, as shown in Figure A.7, PdM applications span many forms
of industrial equipment, which may exhibit substantially different degradation patterns.
Therefore, future work should investigate whether the observed model behaviours remain

consistent when applied to other PAM datasets from different domains.

It should also be noted that Lasso and Ridge were implemented in this study as regularised
linear baselines using the original feature space. This enabled direct comparison with the
non-regularised MLR model, while non-linear were investigated separately through the
polynomial regression models. However, it is acknowledged that applying L1 or L2 reg-
ularisation to an expanded polynomial feature space could provide additional benefit by
controlling the increased model complexity and reducing overfitting. Regularised polyno-
mial models were not evaluated in the present experimental framework and could therefore

be investigated in future work.

Furthermore, the experiments were trained using fixed hyperparameter configurations ob-
tained from the 80-engine setting. This helped keep the experiments controlled and com-
parable across data-availability scenarios. However, these hyperparameters may not be
optimal for the lower-data settings, where the best model configuration could differ as
the amount of available training data becomes more limited. Future work could there-
fore assess how hyperparameter optimisation behaves under progressively reduced training
data and whether models require different configurations in low-data and extreme-scarcity

settings.

This limitation is particularly relevant for the source-only models. The source-only config-
urations were selected based on performance in relation to the FD0O01 target setting and
may not have been optimally configured for the source datasets themselves. As a result,
the comparison between source-only models and DANN variants may be influenced by
the chosen hyperparameter configuration. Future work could therefore optimise source-
only and DANN models separately for each source-target setup to determine whether the

relative performance remains consistent.

It should also be noted that the extreme-scarcity scenarios refer specifically to the amount
of labelled training data available, since the experimental design retained a fixed validation
set of 20 labelled engines. In a real-world setting with extreme labelled-data scarcity, such
a validation set may not be available, and model hyperparameters may consequently be less
reliably selected. Future work could therefore investigate model selection and validation

strategies in which the validation-set size is reduced along with the available training data.

Another limitation is that the main experimental results were obtained using a single fixed
random seed of 42. Although this provided a controlled and reproducible experimental
process, stochastic variability was not quantified across every model configuration and
data-availability scenario. To provide additional insight into this limitation, a supple-

mentary sensitivity analysis was conducted across five different random seeds for selected
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representative models and engine-count scenarios (see Table 6.9). The analysis showed
that the broader model-performance trends remained generally consistent, although some
closely performing configurations showed variability in their relative performance. There-
fore, small differences between closely competing models should still be interpreted with
caution. Future work could extend this analysis by repeating the sensitivity analysis across

a larger number of random seeds and all data scenarios.

Finally, the supervised fine-tuning TL strategies showed promise in lower-data settings
when the source domain was sufficiently similar to the target domain. However, the ben-
efit was less clear when the domain shift was more severe. Future work could therefore
explore semi-supervised domain adaptation architectures that combine unsupervised do-
main alignment with supervised fine-tuning. For example, a DANN-based architecture
could be extended with an adaptive supervised prediction head to utilise labelled source

data, unlabelled target data, and limited labelled target data within a single architecture.

6.6.8 Synthesis of Findings

The findings directly support the objective of examining the difficulty of deploying RUL
prediction models in PAM settings where labelled degradation data from the target domain
are scarce or unavailable and where source-to-target domain shifts hinder model gener-
alisation. Through the systematic assessment of models across different data-availability
scenarios, including the case where no labelled target data are available, it is evident that
no single modelling strategy is optimal across all scenarios. Instead, the most suitable ap-
proach depends on the amount of available labelled target data, the severity of the domain
shift, and whether the model is assessed using penalised scores, computational efficiency,
aggregate accuracy, or lifecycle-specific reliability. In general, neural-network-based mod-
els benefit from higher data availability, while the Transformer showed stronger robustness
as target data became scarce. Within the evaluated configurations, supervised fine-tuning
techniques provided an advantage when labelled target data were limited, particularly for
the more similar investigated source-target setting. However, when labelled target data
are unavailable, the results show that the choice between source-only transfer and adver-
sarial domain adaptation strongly depends on the source-target domain gap. If the domain
shift is relatively small, source-only transfer can remain competitive. However, when the
domain shift is more substantial, DANN provides a notable benefit over the source-only
approach. Therefore, when selecting a model for low-data PdM applications, it is impor-
tant to first define the performance requirements and assess the amount and type of data
available, as well as the expected source-target domain similarity, before committing to a

specific algorithm and strategy.



Chapter 7

Conclusion

The prediction of RUL is a key component of predictive maintenance (PdM) systems,
where data-driven models are used to identify degradation patterns and predict imminent
equipment failure. This study investigates the challenge of implementing RUL prediction
models for PAM when the availability of labelled target domain training data is restricted.
Moreover, when source domain data is utilised, it investigates how the challenge of domain

shift can affect model performance.

To address this problem, the study systematically evaluated RUL prediction strategies
across varying levels of labelled target-data availability. This included the assessment
of baseline regression, tree-based, and neural-network-based models, as well as FS, FE,

supervised transfer learning, source-only transfer, and unsupervised domain adaptation.

7.1 Achievement of Research Objectives

To achieve the aim of the study (stated in subsection 1.1.3) 11 objectives were met. First,
the study presented an SLR in Appendix A that identified the key challenges, predic-
tion algorithms, optimisation approaches, and evaluation metrics used in PdM for the
prediction of RUL.

Secondly, in Chapter 3, a suitable dataset was selected that includes multiple operating
conditions and fault mode variations. This enabled the investigation of different ML
models as well as domain shift analysis and the implementation of TL strategies. The
selected dataset was the C-MAPSS dataset. Specifically, the FD001 was used as the
target dataset and FD002 and FDO003 as source datasets.

The third objective was met in Chapter 4, where the experimental methodology was de-

fined. It specifically presented the design of the preprocessing, model training, validation,
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and evaluation stages that were applied for all experiments (including the baseline, feature
engineering, and transfer learning phases). The FS experiments evaluated representative
models using reduced feature subsets, while the FE experiments combined the GRU base-
line with CNN, TCN, and AE-based FE components. The transfer learning experiments
further evaluated supervised fine-tuning, source-only transfer, and DANN-based domain
adaptation. In addition, Chapter 4 defined the evaluation metrics used in the study.
This includes the AUC-RMSE metric for assessing RUL prediction reliability across the
equipment RUL cycles (objective four).

To achieve the fifth objective, Chapter 2 provided a theoretical overview of the techniques
implemented in this study. This included regression, tree-based models, neural-network-
based models, as well as ML techniques including FS, FE, and TL methods.

Objectives six to eleven were met through the implementation and validation as well as the
test-set evaluation ( Chapter 5 and Chapter 6 respectively). This specifically addressed
the experimental objectives related to model robustness, FS, FE, supervised TL, source-
only transfer, and unsupervised domain adaptation under different levels of target-data

availability.

7.2 Key Findings and Contributions

The findings within the investigated C-MAPSS datasets and experimental design show
that relative model performance was dependent on the availability of labelled target-
domain data, the similarity of the investigated source-target domains, and the evaluation
criteria used. It was observed that the model that performs best under higher-data con-
ditions is not necessarily the most robust when data becomes scarce. For example, while
the GRU achieved the strongest overall baseline performance in higher-data settings, the
Transformer showed greater robustness as the available labelled target data were reduced.
Moreover, in extreme data-scarcity settings, linear and tree-based models became more
competitive. These results indicate that, within the evaluated scenarios, model perfor-
mance under sufficient data availability alone was not representative of performance under

more constrained data conditions.

Furthermore, it was observed that F'S provided its most notable benefit through reduced
computational cost, particularly for recurrent neural-network-based models. However, FS
did not provide consistent predictive improvements across all models. Models such as the
Transformer and Poly2 showed advantages in certain scenarios, whereas the GRU and

LSTM showed degraded performance.

Another key finding was that, within the investigated datasets, the AUC-RMSE metric
provided information that was not always reflected by aggregate RMSE alone. By eval-
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uating prediction error across different RUL regions, AUC-RMSE provided an additional
perspective on model behaviour across early-life, mid-life, and near-EOL stages. The rela-
tive performance of several models differed depending on whether RMSE or AUC-RMSE
was considered. Moreover, the AUC-RMSE lifecycle plots were useful for identifying the

lifecycle stages at which each evaluated model performed best and worst.

The TL and domain-adaptation results further showed that, across the investigated C-
MAPSS source-target combinations, source-domain knowledge could improve predictive
performance when labelled target data were limited or unavailable. However, the magni-
tude of this benefit varied according to the investigated source-target domain relationship,
quantified using MMD. Supervised fine-tuning provided the greatest improvements when
labelled target data were limited and the investigated source domain was more similar
to the target domain. When labelled target data were unavailable, source-only transfer
remained competitive in the smaller domain-shift setting, while DANN provided a clearer
benefit in the larger domain-shift setting. These findings indicate that, within the eval-
uated scenarios, the relative effectiveness of the investigated transfer-learning strategies

varied according to target-data availability and source-target similarity.

7.2.1 Practical Strategy for RUL Model Selection

Based on the findings of this study, selection of an appropriate RUL prediction strategy
should not be based on a single modelling approach. It is instead dependent on several
factors including availability of data, domain shifts between target and source domains,
and application-specific evaluation requirements. Figure 7.1 presents a high-level practical

approach when making model selection decisions.
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Figure 7.1: Practical high-level strategy for RUL model selection based on data availability,

source-target domain shift, and application-specific evaluation requirements.

If there exists enough labelled data in the target-domain, then supervised models may be
trained and evaluated separately in both domains. Under the experimental configurations
of this study, neural-network based models were shown to perform better than other types
of models under high-data conditions. However, although the model that performs best
under high-data conditions was not always the one that could retain its predictive ability
under low-data conditions. For example, the Transformer improved in relative ranking
as the amount of labelled target-domain training data was progressively reduced. Simi-
larly, simpler regression models, such as linear and polynomial regression, and tree-based
models became more competitive under extreme data scarcity. The expected availability
of labelled target data should therefore be considered when selecting candidate models

rather than relying solely on their performance under high-data conditions.
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If only limited amounts of labelled target-domain data are available, then additional
sources of improvement in prediction accuracy may come from labelled source-domain
data. When suitable labelled source-domain data are available, supervised fine tuning
approaches may be useful. However, whether transfer learning improves prediction per-
formance depends heavily on how closely related the source and target domains are to each
other. The most significant benefits from transfer learning occur when the source domain
is very similar to the target domain. However, the degree to which transfer learning is ben-
eficial decreases rapidly as the degree of difference between the source and target domains
increases. If no suitable labelled source-domain data are available, then the primary con-
cern for selecting candidate models will be those that demonstrate good predictive ability

when trained using a limited amount of labelled target-domain data.

When no labelled target-domain data are available but suitable labelled source-domain
data exist, the relationship between the source and target domains becomes important.
Amongst all of the examined source-target pairs, the performance of source-only transfer
remained strong even though the degrees of similarity between each pair varied. However,
as the degree of difference between the source- and target-domains increased, the perfor-
mance advantages of DANN based unsupervised domain adaptation approaches became
much more pronounced compared to simply training and testing directly on the target-
domain after training on the source-domain. As such, if there is no labelled data available
in the target-domain but there does exist a potentially suitable set of source-domain data,
then assessing how strongly related each domain is before deciding whether to utilise a di-
rect source-only transfer methodology or an unsupervised domain adaptation methodology

would be recommended.

Furthermore when making decisions about selecting a model for use within a practical
implementation, the best approach is to choose a model that fits the needs of the in-
tended practical application based on its performance as determined by multiple metrics
(aggregate) for accuracy of prediction and other factors including lifecycle specific re-
liability, computational costs and the consequences of any errors made with regard to
predictions. For example, since RMSE can serve as an indication of total prediction error,
the AUC-RMSE can also illustrate where different models perform differently over the
entire RUL lifecycle which could be obscured when comparing RMSE for each model in-
dividually. In addition, the C-MAPSS score evaluates prediction error by penalising RUL
over-predictions more heavily than under-predictions, reflecting the greater risk associated

with predicting that equipment has more remaining life than it actually does.

In response to the aim, defined in subsection 1.1.3, these findings provide guidance in
selecting RUL prediction models under constrained PdM data conditions within the in-
vestigated C-MAPSS scenarios. It is evident from the investigated results that the selected
approach must consider the environment of the PAM setting and be based on the amount

of labelled target data available, the degree of source-target similarity and the evaluation
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requirements. Future work should further validate these findings through more extensive
repeated-seed experimentation across the complete model set and through evaluation on

additional datasets to assess their generalisability.
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Appendix A

SLR of techniques used for RUL

Prediction

A.1 Introduction

The advent of intelligent manufacturing environments, equipped with condition monitor-
ing sensors, has made procuring equipment health data increasingly accessible. This has
allowed for rapid advancements in proactive data-driven equipment maintenance strate-
gies. Predictive maintenance (PdM), which consists of timely corrective actions before
the failure of assets, has gained significant attention in recent literature due to its ability
to utilise this data. When successfully implemented, this approach reduces downtime,
extends equipment lifetime and minimises maintenance costs by performing repairs only
when necessary (Nunes et al., 2023). Forecasting the time equipment will function before
failure occurs is a key aspect in many PdM strategies, often referred to as 'Remaining
Useful Life (RUL) prediction’. However, the performance of RUL prediction approaches
is highly dependent on the selection of appropriate techniques used throughout the model

development pipeline.

Appendix A uses an SLR approach to summarise the commonly used datasets, feature-
extraction approaches, predictive modelling techniques, optimisation and hyperparameter-
tuning strategies, and evaluation metrics used in industrial PAM contexts. In addition, it
examines how frequently studies report reduced-training-data experiments and synthesises
the limitations and challenges identified in the literature before concluding with commonly
proposed future research directions. Additional background on maintenance strategies and
predictive maintenance is provided in Chapter 1; this appendix focuses specifically on the
SLR methodology and findings.
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A.2 Overview of the SLR

The SLR focuses on PdM using data-driven techniques applied to time series data of

industrial assets and equipment. The aim is to answer the following research questions:

Q1: What are the annual trends of the publications?
Q2: What is the geographical distribution of the publications?
Q3: What articles are most prominent in the field?

Q4: What are the common challenges and limitations identified in PdAM contexts by the

literature?
Q5: What type of time series data is used?
Q6: What feature extraction techniques are used?
Q7: What prediction algorithms are used?
Q8: What optimisers are used?
Q9: What hyperparameter tuning techniques are used?
Q10: What performance evaluation metrics are used?

Q11: What future research opportunities are commonly proposed amongst the publica-

tions?

adapted from (Alzubi et al., 2018) To address Q1-Q3, the SLR first documents the SLR
first presents the methodology used to identify and select the publications included in this
review (refer to Appendix A.3). Thereafter, the common challenges observed in predictive
maintenance (PdM) for industrial equipment are investigated (Q4; Appendix A.4). The
remaining questions are answered by organising the synthesis according to the typical

machine-learning workflow (refer to Figure A.1)

Y — : : '
Data collection s Data Model Model Model Model |
Preprocessed Engin.eering Selection Trai.ning Evah?ation Tes.tmg

A.8 - Optimizers

A9 - Hyperparameter tuning A.10 - Evaluation Metrics

A.11 - Robustness Under Data Constraints
A.12 - Cross Comparison of Models

A5 - Types of data A.6 - Feature Extraction  A.7 - Prediction models

Figure A.1: The typical machine-learning workflow used to structure the SLR, adapted
from, Alzubi et al. (2018).

Specifically, section A.5 summarises the types of datasets and time-series data used in

the selected studies (Q5). Appendix A.6 reviews the data engineering approaches used,
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Identification of Studies via Databases

Section 2.1 [ Records Identified in Databases Wzeirils remoyed it
scréening
IEEE Xplore n=209 Duplicate records |n =22
Science Direct n=>5 I Automation tools |n= 186
Scopus n=34
Web of Science | n=18
Section 2.2 |1 Records sought for retrieval: Reports not retrieved :
n=>58 n=0
|
Reports assessed for eligibility: Reports excluded
n=58 E2 n=3
E3 n=23
E4 n=2
ES n=0
Section 2.3 Total Studies included:

n=30

Figure A.2: PRISMA 2020 flow diagram of methodology for the systematic literature
review, adapted from Page et al. (2021).

focused on feature selection (FS) and feature extraction (FE) techniques applied (Q6).
Appendix A.7 then discusses the prediction models used for RUL estimation is discussed
(Q7). Next, the optimisation strategies and hyperparameter tuning methods are discussed
in Appendix A.8 and Appendix A.9 respectively (Q8-Q9). Performance evaluation metrics
are consolidated in Appendix A.10 (Q10). Finally, the future research opportunities most
frequently proposed in the literature are consolidated in Appendix A.11 (Q11).

A.3 Systematic Literature Review Methodology

To identify relevant articles that address these questions, the PRISMA 2020 approach was
utilised. Originally established as PRISMA 2009 (Liberati et al., 2009), the refined version
(PRISMA 2020) is well-defined in the publication by Page et al. (2021). The approach
consists of three parts: identification of records from databases, screening of the identified
works, and selection of the publications for the review. Fig. X. provides a high-level

overview of the process, which will be discussed in the subsequent sections.
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In line with the PRISMA 2020 methodology, Section 2.1 first outlines the databases and
search queries used to identify relevant records. Section 2.2 details the exclusion criteria

applied to the identified publications. Finally, Section 2.3 presents the selected articles.

A.3.1 Records identified in Databases

The first step of PRISMA 2020 was to select relevant databases to retrieve the records.
These databases should have extensive collections and advanced search capabilities to
effectively retrieve relevant literature for the field of data-driven PAM. The subsequently
identified databases were IEEE Xplore, ScienceDirect, Scopus, and Web of Science.

Each database offered advanced metadata search options. IEEE Xplore provided a meta-
data search option where users could apply the 'All Metadata’ command to each search
term. ScienceDirect and Scopus allowed for metadata (title, abstract, keywords) search.
However, ScienceDirect is confined to 8 Boolean operators. Lastly, for Web of Science, the
All-fields search was used. The resulting queries and the number of unfiltered identified

publications for each database are shown in Table A.1.

Table A.1: List of the databases, search queries and number of results identified.

Database Search Query Results

IEEE Xplore ((”All Metadata”: Predictive Maintenance) OR (”All 209
Metadata”: PdM)) AND (”All Metadata”: time series
data OR (”All Metadata”: time series) OR (”All
Metadata”: temporal data)) AND ((”All Metadata”:
Machine Learning) OR (”All Metadata”: ML) OR (”All
Metadata”: data-driven)) AND ((”All Metadata”:
remaining useful life) OR (”All Metadata”: RUL))

ScienceDirect ("Predictive Maintenance” OR "PdM”) AND ("time 5
series” OR "temporal data”) AND ("Machine Learning”
OR "ML” OR ”"data-driven”) AND ("Remaining useful
life” OR ” RUL”)

Scopus ("Predictive Maintenance” OR "PdM”) AND (”time series 34
data” OR "time series” OR "temporal data”) AND
("Machine Learning” OR "ML” OR, ”data-driven”) AND
("Remaining useful life” OR "RUL”)

Web of Science | ALL = ((”Predictive Maintenance” OR "PdM”) AND 18
("time series data” OR "time series” OR "temporal data”)
AND (”Machine Learning” OR "ML” OR ”data-driven”)
AND ("Remaining useful life” OR "RUL”))
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The search was conducted in each of these databases on September 2, 2024. IEEE Xplore
identified 209 articles, ScienceDirect yielded 5, Scopus retrieved 34, and Web of Science

resulted in 18 articles

A.3.2 Screening the Identified Publication

All articles were accessible and successfully retrieved. These articles were then subjected

to the following exclusion criteria:

E1. Works that are not published, peer-reviewed journal articles written in English, in-

cluding surveys, reviews, and conference proceedings.
E2. Works that do not include evaluation metrics.
E3. Works that do not explain how hyperparameters were found.
E4. Works that do not discuss RUL prediction techniques/algorithms used.

E5. Works that do not reference (or explain the origin of) the datasets used.

Only studies that provided details such as the origin of the data, algorithms/methods used
for model development, hyperparameter optimisation/selection method and evaluation
metrics were included to ensure the resulting studies are replicable and reliable. Further-
more, these criteria ensured that the selected articles directly addressed research questions
4, 6, 8, and 9, specifically focusing on data types, predictive modelling approaches, hy-
perparameter optimisation procedures, and performance evaluation methodologies. It is
acknowledged that research questions 5 (FE techniques), 7 (optimisers) and 10 (future
research) may not be relevant to all studies in the context of RUL prediction for PdM.
Therefore, these were not included in the exclusion criteria. However, data on these ar-
eas were extracted from studies that explicitly mention them to address the applicable

questions.

Figure A.3 shows the overview of how the articles were filtered according to the exclusion
criterion. Using the filters provided by these databases, 186 articles were excluded in
accordance with exclusion criterion E1. Additionally, among the resulting articles, 22
duplicates were found, leaving 58 articles for further screening. 3 research papers were
then excluded based on E2, 23 were excluded due to E3, 2 were excluded based on E4,

and no articles were excluded due to E5.
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O Total Included

O Total Excluded @
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-

S

Total Included:
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Figure A.3: Filtering process of identified publications

A.3.3 Selected Publications

A total of 30 publications passed all criteria and were included for analysis in the SLR.
Figure A.4 shows a table of these publications according to year. Next to the table, a line
graph illustrates the annual trend of the number of publications. A general increase over

time is evident, peaking in 2022 and 2024, with 7 and 6 publications, respectively.

Year Publications Number of publications per year
2017 (Khelif et al., 2017), (Costello et al., 2017) s
2018 (Zhao etal., 2018)
2019 (Aremu etal.. 2019) 7
2020 (Balaet al., 2020). (Aydemir and Paynabar, 2020), (Tanwar
and Raghavan, 2020), (Cheng et al., 2020)
2021 (Luetal., 2021),(C. Liu et al.,2021), (Fathi et al., 2021), s
(Catelani et al., 2021)
2022 (Sharma et al., 2022), (De Santo et al., 2022), (Ong et al., 4
2022), (Zhang et al., 2022), (Rivas et al., 2022), (Hsu et al.,
2022). (Gong et al., 2022) 3
2023 (Meng et al., 2023), (Hu et al., 2023), (Gao et al., 2023), (Ince
and Genc, 2023), (Winkel et al., 2023) '
2024 (Zhuang et al., 2024), (Zhao and Zhang, 2024), (Wang et al.,
2024), (He et al., 2024), (Liu et al., 2024), (Kim et al., 2024)
2017 2018 2019 2020 2021 2022 2023 2024

Figure A.4: Number of publications per year and corresponding references

A.3.4 Geographical distribution and prominence of the selected works

Figure A.5 presents a choropleth map that visualises the geographical distribution of
studies included in the SLR. China has the highest contribution with 14 publications,
while research in this field shows global interest, with smaller contributions from 13 other
countries, including Australia, France, Germany, India, Italy, Malaysia, the Republic of

Korea, Singapore, Switzerland, Taiwan, Turkey, UK and the USA.
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Figure A.5: The choropleth map that represents the geographical distribution of the iden-

tified articles

The publications varied in their impact on the field of PdAM. Analysing citation counts
helped to identify the most influential studies and assess their significance in advancing
research. Table A.2 presents the citation counts for the selected works as of October 25,

2024. In addition, Figure A.6 presents the distribution of citations across the studies.

Table A.2: Citation distribution of the selected works.

Reference Respective Countries Citations
Zhao et al. (2018) China 808
Khelif et al. (2017) France 414
Zhang et al. (2022) China 173
Cheng et al. (2021) China 120
Catelani et al. (2021) Italy 118
De Santo et al. (2022) USA 84
Hu et al. (2023); Ong et al. (2022) China, Singapore 50-59
Costello et al. (2017); Aydemir and Paynabar UK, Turkey 4049
(2020)

Hsu et al. (2022); Lu et al. (2021); Bala et al. Taiwan, China, 30-39
(2020); Aremu et al. (2019); Liu et al. (2021); Malaysia, Australia,

Meng et al. (2023) China, China
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Kumar Sharma et al. (2022); Tanwar and India, Singapore, China 2029
Raghavan (2020); Gong et al. (2022)

Fathi et al. (2021); Gao et al. (2023); Rivas et al. Switzerland, China, 10-19
(2022) USA

He et al. (2024) China 5-9
Kim et al. (2024); Ince and Genc (2023); Wang Republic of Korea, 1-5
et al. (2024); Winkel et al. (2023); Liu et al. (2024); Turkey, China,

Zhuang et al. (2024) Germany, China, China

Zhao and Zhang (2024) China 0

@ Zhao et al. (2018) O Khelif et al. (2017) @OZhang et al. (2022)
OCheng et al. (2020) @Catelani et al. (2021) @(De Santo et al., 2022)
@ Other

Figure A.6: Pie chart showing the proportion of citations across selected studies

Zhao et al. (2018) and Khelif et al. (2017) rank among the most highly cited contributions
in the corpus, with 808 and 414 citations, respectively. In addition, several relatively recent
works—Zhang et al. (2022), Cheng et al. (2021), Catelani et al. (2021), and De Santo et al.
(2022) have also shown a substantial influence on the field, with 173, 120, 118, and 84
citations, respectively. The majority of the remaining publications have accrued between
20 and 40 citations. Publications with fewer than five citations are predominantly very
recent (2023 or later), which is expected given the limited time available for newer works

to accumulate citations by the search date.
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A.4 Limitations and Challenges Commonly Found in Pre-
dictive Data Maintenance (PdM)

Three common types of limitations/ challenges have been found to affect predictive data
maintenance (PdMs) that use data driven methods for predicting remaining useful life
(RUL). The first challenge is that labelled degradation and run-to-failure data is very
difficult to find. This is made even harder when the data contains class imbalances; it has
insufficient sensors available; and/or there is insufficient measurement data available to
extract representative degradation information from the data (Ince and Genc, 2023; Fathi
et al., 2021; Kim et al., 2024; He et al., 2024; Gong et al., 2022).

The second challenge is that each piece of industrial equipment operates under variable
conditions. FEach unit within an industry may operate differently due to variable working
environments; or failure modes may vary over time. Additionally, degradation behaviour
may be non- monotonic. All of these factors can lead to different distribution patterns
in both the training set and the test set, making it difficult for a model to generalise
its knowledge to other operating condition-based testing scenarios (Winkel et al., 2023;
Tanwar and Raghavan, 2020; Wang et al., 2020; Cheng et al., 2021).

Third, another type of challenge was identified as being related to the predictability and
uncertainty of the predictions produced by RUL models. RUL models typically produce a
single point estimate value as their output. They do not attempt to represent the degree
of uncertainty that exists with respect to their predictions. This lack of representation
of the uncertainty associated with the predictions limits their utility when used in risk
informed decision-making processes for maintenance (Tanwar and Raghavan, 2020; Rivas
et al., 2022; He et al., 2024).

These findings address Q4 of the SLR. A more detailed discussion of these identified
limitations and challenges, together with their relevance to the present study, is provided

in section 2.5 in the main body of the dissertation.

A.5 Types of data used

Given the data availability, labelling, sensor, and operating-condition challenges outlined
in section A.4, it is informative to first characterise the datasets used in the selected
studies. This section summarises whether the data are real-world or synthetic and identifies
the industrial equipment from which these datasets are sourced across the 30 selected
publications. Advances in sensing technologies, wireless communications, and computing
systems have greatly expanded the amount of historical data available from manufacturing

systems (Zhao et al., 2018). Data-driven machine health monitoring systems can utilise
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this historical data to train predictive models and make real-time decisions based on sensor

inputs from monitored equipment.

Data can either be real, meaning it is collected from actual equipment working in real-world
environments, or synthetic, meaning it is generated artificially through simulations or
algorithms to mimic these real-world environments. Figure A.7 illustrates the proportion
of studies that used synthetic and real-world data. Each study was tallied based on the
presence of real or synthetic datasets. Regardless of the number of datasets of the same
type, each study contributed only one count per type.

Filtration system (6%)

C-MAPSS (94%)

@ Synthetic @ Real

Figure A.7: Proportion of studies using synthetic vs real-world data

The results show that more publications made use of synthetic data (55%) than real-world
data (45%). However, the majority of synthetic datasets used were from the C-MAPSS
dataset (94%), which is sourced from simulated aircraft turbofan engines. In contrast, the
real-world data in these studies comes from diverse sources. Figure A.8 highlights this by
presenting a breakdown of the industrial equipment from which the data in the studies

were sourced.
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Figure A.8: Distribution of industrial equipment sources represented in the reviewed stud-

ies

The range of real-world data sources included 5 studies using bearing data, 2 using data
from ion mill etching tools and 2 sourced from lithium-ion batteries. The rest of the
sources were from various other types of industrial equipment, as represented in the ‘other’

category in Figure A.8.

One reason studies tend to favour real data over synthetic data is that synthetic data
often fails to capture real-world complexities, such as waveform source signatures, realistic
noise, and accurate reflectivity. This can result in poor performance of trained neural net-
works during inference (Alkhalifah et al., 2022). Despite this the majority of publications
extracted for the SLR made use of a synthetic dataset known as C-MAPSS. C-MAPSS
stands for Commercial Modular Aero-Propulsion System Simulation. It is a software sim-
ulation tool (developed by NASA’s Prognostics Center of Excellence) that models the
behaviour of large commercial turbofan engines with a control system that closely mirrors
actual engine operations (Frederick et al., 2013). NASA’s Prognostics Center of Excellence
have used this simulation environment to create a set of datasets that are well-established
benchmark for PdM-related research (Wang et al., 2020).These datasets, referred to as
FDO001, FD002, FD003, and FD004, simulate different engine degradation scenarios and

operating conditions.

Table A.3. lists the references for all publicly available or external datasets used in the

studies (proprietary datasets have been excluded).

Table A.3: Non-proprietary datasets

Dataset Name

Data Source

Reference

C-MAPSS

Aircraft Turbofan Engine

(Saxena et al., 2008b)

IEEE PHM 2012 Prognostic Challenge

Bearings

(Nectoux et al., 2012)
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Datasetl_BatteryAgingARC-FY08Q4

Lithium-Ion Batteries

(Saha and Goebel, 2007)

XJTU-SY bearing datasets

Bearings

(Wang et al., 2020)

Incipient Fault Diagnosis of Rolling

Element Bearings

Bearings

(Wei et al., 2011)

2010 PHM data challenge

CNC milling machine

cutters

(Prognostics and Health
Management Society,
2010)

PHME20

Filtration system

(Prognostics and Health
Management Society,
2020)

Phoenix Contact Relay Dataset

Electromechanical relays

(Winkel and Kleinsteuber,
2022)

Backblaze dataset

Hard disk drives

(Bauer, 2018)

S.M.A.R.T dataset

Hard disk drives

(Baidu, 2013)

2018 PHM Data Challenge

Ton mill etching tool

(Prognostics and Health
Management Society,
2018)

Oxford Battery Degradation Dataset

Lithium-ion batteries

(Birkl, 2017)

WDC data

Lubrication systems

(Fan et al., 2017)

When sensor-equipped systems generate datasets for industrial assets, data-driven models
for PAM can be developed to predict machine failures. The following sections discuss
some of the key components found amongst the papers involved in the development of
PdM models. Specifically, feature engineering , RUL-related prediction algorithms , model

optimisation, and the metrics employed for model evaluation.

A.6 Feature extraction techniques

FE is often loosely defined in the literature. Sharma (2025) describes it as a methodology
used to minimise the number of features to improve computation efficiency. Zhao et al.
(2018) defines FE as a method to transform original features into a new informative feature
space. Some studies consider certain data preprocessing methods to be a form of FE. For
example, in Fathi et al. (2021) research, the technique of time windowing was referred to
as FE. However, time windowing doesn’t involve creating new features from raw data but

rather segmenting data to make it easier for models to process temporal dependencies.

To answer Q5, FE is defined here as a technique that derives new helpful information
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from data and feeds it into a separate model for further FE or prediction. Therefore,
models used to make the final RUL prediction, which may inherently extract features, are
not included here but are discussed in Section 3.4, focusing on RUL prediction models.
This section only tallies studies that apply methods fitting the above FE definition to
identify the most commonly used techniques in the field. Fig. 9. shows the proportion of

algorithms and techniques used across selected publications.

Other
= ChebGCN and SACLSTM, (Liu et al., 2024)
=  DBRNN, (Hu et al., 2023)
-  ESN, (Bala et al.. 2020)

= Exponential degradation model, (Catelani et al..

1o [ TCN 2021)

- GMM. SVM, (Costelloet al., 2017)
5% - AE - Kalman Filter, (Meng et al., 2023)

1600 [N CNN

= Local Feature extraction and Weighted Feature
800 - Basic Statistics Averaging, and GRU, (Zhao et al., 2018)

= SVD., (Zhao and Zhang, 2024)
sv [ Transformer - PCA.LSTM. (Ong etal., 2022)
- Relative Entropy with Weibull-SAX, (Aremu et al.,

s N Otk 2019

-  RFand VMD, (Gong et al., 2022)
60% 50% 40% 30% 20% 10% 0% L RT. (De Santo et al.. 2022)

- Wrapper Selection and Linear regression, (Khelif et
al, 2017)

Figure A.9: Distribution of algorithms/techniques found in the literature for feature ex-

traction

Across the 30 studies, a total of 38 FE techniques were tallied, comprising 24 distinct
techniques. Since some studies used multiple techniques, the percentages are calculated
based on the total number of techniques rather than the number of studies. Of these, 51%
were unique to individual studies. The most used technique was Convolutional Neural
Network (CNN)-based algorithms, which appeared in 16% of the techniques used. TCN
made up 11% of the techniques used. Basic statistical and Auto Encoder (AE) techniques
were applied 8% of the time for FE. Another algorithm that appeared in more than
one instance included Transformers, representing 5% of the techniques used. In sections
3.3.1 to 3.3.5 the FE techniques that were employed multiple times across the studies are
discussed. For techniques that were only applied in a single study, readers can refer to
the 'other’ category in Fig. 9. where both the algorithm name and the corresponding

reference are provided for further details.

A.6.1 Convolutional neural networks

CNNs are frequently employed to extract complex degradation features from condition
monitoring data (Liu et al., 2024). These algorithms are, according to Zhang et al. (2020),
one of the most successfully applied ML algorithms that are known for their ability to

learn and express features. It involves the use of multiple layers of filters to slide over
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input sequences to extract hierarchical features through localised data patterns (Zhang
et al., 2020). One key advantage CNNs have is that it has local FE capabilities and fast
computational speed (Gao et al., 2023). In addition, they are useful in extracting the

spatial features of data.

He et al. (2024) used a cascaded multiscale CNN module. This involved combining depth-
wise separable convolution and dilated causal convolution to extract spatial and temporal
degradation features respectively from veering vibration data at multiple scales. To focus
on the most important features the study used a convolutional block attention module. In
the research done by Wang et al. (2020) a 1D-CNN was used to extract local spatial fea-
tures from a high-dimensional dataset (C-MAPSS). The CNN features were then used as
inputs for a bidirectional-Long Short-Term Memory (bi-LSTM) predictor, where the Long
Short-Term Memory (LSTM) networks could then identify the temporal dependencies
and perform the prediction. Gao et al. (2023) also utilised CNN layers in a dual-channel
feature attention approach that combined CNN and Bi-LSTM layers to extract spatial
and temporal features, respectively. The first CNN layer extracted intermediate features
along the time axis, and then pooling techniques were used to recognise the significance
of different sensors in the spatial attention module. Additionally, a multilayer CNN was
used to extract deeper spatial features from the weighted sensor data. These extracted
spatial features were then fused with temporal features extracted using a bidirectional
LSTM. Aydemir and Paynabar (2020) also used CNNs in a CNN-LSTM pipeline. Their
model involved extracting spatial features from infrared image stream images collected
from rotating machinery. After two convolutional layers, pooling techniques were applied
to reduce the dimensionality of the extracted spatial features. Then those were passed
through an LSTM layer to capture the temporal dependencies and make the time-to-failure
prediction. In the research done by Fathi et al. (2021), CNN layers were used within an
autoencoder architecture to capture spatial information in data from a 3 DoF (degrees
of freedom) Delta Robot. Notably, the authors decided not to use pooling layers in the
CNN, as they argued that the convolutional layers alone captured sufficient spatial infor-
mation, and pooling would unnecessarily complicate their model. Liu et al. (2021) used
a 1-D CNN to extract high-level features from operating condition data, while Temporal
Convolutional Networks (TCN) were used to extract the temporal features of the data.
After FE, a dual attention mechanism was used to enhance the feature representations
by capturing global dependencies, which helped the model focus on the most important

degradation patterns.

A.6.2 Temporal convolutional networks

TCNs have emerged as a powerful model for sequence modelling. These models are found
to significantly outperform traditional recurrent architectures like LSTM and Gated Re-
current Unit (GRU) in some applications (Liu et al., 2021; Hsu et al., 2022). A key
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component of TCNs is the use of causal convolutions. Unlike general convolutions, causal
convolutions prevent information from the future from influencing the past (Liu et al.,
2021). This greater receptive field gives the model advanced long-term memory capacity
(Hsu et al., 2022). TCNs are also flexible enough to handle input sequences of varying
lengths while producing an output sequence that matches the length of the input, which

makes it advantageous for applications where sequences vary (Liu et al., 2021).

Apart from Liu et al. (2021), three other studies made use of TCNs for FE. Zhuang et al.
(2024) used TCNs for manifold learning, which involved dividing degradation features into
local manifolds to represent regions of the feature space. These manifolds were then aligned
across different machine domains to minimise discrepancies between similar subdomains,
which allowed for better generalisation for the RUL model. Their framework consisted of
a temporal subdomain network that relies on TCN with a normalisation-based attention
module to extract deep degradation features from vibration signals of bearing data. Hsu
et al. (2022) used TCNs to extract temporal features from ion mill etching tool sensor
data. Their approach involved integrating an attention mechanism after the TCN to
prioritise the most important temporal features for RUL prediction. Gong et al. (2022)
used TCNs with a Bi-GRU model to extract temporal features. Random Forest (RF) was
used to weigh the features according to importance and filter the noise. Following this,
Variational Model Decomposition (VMD) was applied to the weighted raw sensor data to
decompose the signals into intrinsic mode functions. The TCNs then helped capture the

key temporal patterns in the data to aid in prediction further down the pipeline.

A.6.3 Autoencoders

Another FE algorithm used by three of the selected publications is autoencoders (AE).
AFE can be defined as a specific kind of neural network that is primarily intended to encode
information into a condensed and meaningful representation and then decode it back to
produce a reconstruction of the input that is as close to the original as feasible. Aydemir
and Paynabar (2020) describe AE as a nonlinear extension of Principle Component Anal-
ysis (PCA). PCA is a linear technique used to reduce the dimensionality of data, but only
effectively in linear relationships. On the other hand, AE approaches often use nonlinear
activation functions for both the encoder and decoder, which can capture more complex

nonlinear patterns (Aydemir and Paynabar, 2020).

Ince and Genc (2023) used a convolutional AE. This involved an encoder consisting of three
convolutional layers to extract spatial information and then three deconvolutional layers
to decode the signals. These features were then passed to an LSTM network for temporal
modelling and prediction. Lu et al. (2021) used an AE as part of a deep adversarial
learning model. The AE was used to compress the data into lower-dimensional features,

which were then used by the discriminator to assess the generated predictions. Recall that
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Aydemir and Paynabar (2020) used a CNN-LSTM approach for FE. However, in addition
to this, they also investigated an AE-LSTM approach. This involved two encoding layers
and one decoding layer to reduce the dimensionality of the degradation images of rotating
machinery. Notably, the AE-LSTM performed better in nonlinear scenarios compared to
the CNN-LSTM and performed competitively in linear scenarios where the time to failure

was modelled as a direct linear relationship.

A.6.4 Traditional Statistics

While deep learning-based approaches have been proven successful for FE. Several studies
have found success in utilising more traditional methods by extracting basic statistics such
as Root Mean Square (RMS), standard deviation (SD) and the mean from data. Zhao
and Zhang (2024) used RMS for FE from vibration signals of rolling bearings. The RMS
was utilised as a Health Indicator (HI) to reflect the magnitude of a varying signal. It was
calculated for each time window of the vibration signals and provided a straightforward
yet effective way to extract features that correlate with the bearing’s health degradation.
Lu et al. (2021) also only used one statistic instead of multiple statistical features (such
as kurtosis, mean value, etc.) since they argued that it would unnecessarily increase the
complexity of tasks in their approach. They therefore decided to infer the RUL using
only the RMS. On the other hand, in the research done by Costello et al. (2017), multiple
simple statistical features were used, including mean, SD and RMS from vibration signals
of gas circulators. The statistics were calculated for each segment of the vibration data and
served as indicators of the condition of the machine. Although these FE techniques can be
effective and are simple to implement, they often fail to capture deeper relationships in the
data. Consequently, studies often use other FE techniques in conjunction. For example,
recall Lu et al. (2021) extracted features through traditional statistics and utilised AE as
part of their FE approach.

A.6.5 Transformers

Transformers are a recently introduced sequence modelling architecture that has demon-
strated superior performance in tasks involving complex data for prediction (Zhang et al.,
2022; Kim et al., 2024). It utilises self-attention mechanisms to capture long-term depen-
dencies between elements in a sequence regardless of their distance. This makes it less
impacted when increasing sequence length compared to traditional methods like Recurrent
Neural Networks (RNNs) and LSTMs (Zhang et al., 2022). The basic components of a
transformer model include the embedding/positional encoding, attention, and prediction
layers (Kim et al., 2024)

Zhang et al. (2022) utilised a transformer architecture with a dual-aspect self-attention
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mechanism. This involved an encoder-decoder structure that includes encoder, feature
fusion, and decoder layers. Their approach focuses on capturing long-term dependencies
in the input-output sequence using self-attention to ensure the importance of each work
cycle is kept regardless of time step length. For FE, a dual-aspect encoding mechanism
with parallel sensor and time-step encoders was used to capture weighted features across
the sensors and times steps. The features obtained from both the sensor encoder and time-
step encoder were then combined in a feature fusion layer, which creates a new feature
map that contains the important information. Kim et al. (2024) also made use of a trans-
former encoder architecture but integrated multi-head-self-attention modules. Moreover,
embedding layers were used to transform the raw data into readable vector representations
for the model. They note that traditionally, transformer-based approaches use sinusoidal
encoding which is fixed and non-learnable. Therefore, they opted to use 'Time2Vec’ en-
coding which allowed for learnable vector representations and flexible embedding. The FE
layers of their model consisted of multiple attention blocks and a global pooling layer that
focused on capturing key features from both sensor data and time steps simultaneously.
Multi-head attention modules were used to attend to the different aspects of the data at

various timestamps during training.

A.7 Prediction models

Selecting an appropriate model for training will directly impact the performance of the
final RUL prediction. Typically, RUL prediction models involve regression approaches
since the goal is to predict a continuous value that represents the time remaining before a
machine or component fails (Si et al., 2011). This section focuses on the algorithms used
by the selected works that function to output the actual RUL predictions. Additionally,
in Section 3.4.6 the most common architecture pipeline (FE and RUL prediction model)
combinations are shown. Fig. 10. shows the proportion of algorithms found in the

literature for the actual RUL-related predictions.

23% I LST™M
23% I Dense ANN
— ; i
10% GPR — Bayesian Neural Network. (Rivas et al., 2022)
7% [N ESN — PPO. (Onget al., 2022)
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Zhangetal.. (2022) |-  SVR, (Khelif et al., 2017)

e —— ]
23% Other —  RFR. (Aremuet al., 2019)

Other

—  RDT, (Huetal, 2023)
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Figure A.10: Distribution of algorithms/techniques found in the literature for RUL pre-

diction
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The most used approach found for RUL-related predictions was LSTM and dense Artificial
Neural Networks (ANN) based models (both found in 23% of the papers). This is followed
the Gaussian Process Regression (GPR) which was used in 10% of the studies. Echo State
Networks (ESN), GRUs and Transformers each appeared in 7% of the studies. 21% make
up the ‘other’ category (consisting of prediction algorithms that occur only once among
the literature). For more information on how the algorithms, in the ‘other’ category, were
used refer to the references provided in Fig. 10. The subsequent sections discuss how
LSTM, dense ANNs, GPRs, ESN and GRU were used for RUL prediction in the studies.

A.7.1 LSTM for RUL prediction

LSTM is a variant of RNN-based structures. RNNs are limited to short-term memory,
whereas LSTM networks consist of gate control mechanisms that can manage both short-
term and long-term memory (Chen et al., 2021).The canonical architecture of a Long
Short-Term Memory (LSTM) network comprises three primary gating mechanisms: the
forget gate, the input gate, and the output gate. The forget gate decides which information
from the previous cell to discard. LSTM is known for addressing the training difficulties
that are associated with long sequence data. For example a key benefit of LSTM is that
they are designed to address the vanishing gradient problems that often occur in traditional
RNNs (Ullah et al., 2023). This is because LSTM has cells that allow the network to learn
long-range temporal dependencies while having a forget gate to remove hidden states (Lu
et al., 2021). Therefore this model can better handle long-term sequential data and address

the problem of long-term dependency through its memory function (Chen et al., 2021).

Lu et al. (2021) addresses the prediction error superposition problem by proposing a deep
adversarial LSTM framework. They used a generative adversarial network architecture
that combined LSTM and AE models for bearing health degradation prediction. While
the AE, as previously mentioned (Section 3.3.3), was used as a discriminator, the LSTM
was used as the generator to predict the degradation of the bearing’s health. The adver-
sarial feedback loop between the generator and discriminator ensured that the predictions
aligned with the actual data and any errors that were identified were corrected before
they accumulated over multiple steps. This approach showed promising results, outper-
forming other state-of-the-art ML approaches for vibration-based monitoring of bearing

degradation.

Aydemir and Paynabar (2020) proposed two methods for RUL prediction of image data
from rotating machinery, both utilising LSTM networks for the actual prediction. As men-
tioned in sections 3.3.1 and 3.3.3 the two approaches included AE-LSTM and CNN-LSTM
frameworks, where the AEs and CNNs were used for FE. The LSTM layers functioned to
extract the temporal information from the features generated by those algorithms. Then

the models were trained using backpropagation through time algorithm. They opted for
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using a weighted average of the squared error, instead of the commonly preferred MSE,

as the cost function prioritises accurate predictions as the system approaches failure.

Cheng et al. (2021) proposed an ensemble of LSTM neural networks to predict RUL. This
involved training multiple LSTM models from different identical equipment. The outputs
of these LSTM neural networks were then combined using a Bayesian inference algorithm
to select the optimal RUL from the multiple predictions. The proposed ensemble model
was able to minimise the influence of varying equipment life spans on RUL prediction
accuracy and increase the model’s ability to adapt and generalise across different prediction
scenarios. Their approach was found to competitively perform in comparison to other

state-of-the-art approaches.

Hsu et al. (2022) used LSTM to capture temporal dependencies from the outputs of TCNs.
To address the limitations of LSTM, which traditionally only uses hidden state information
from the final step, the model incorporated all hidden states from the previous time steps.
To do this the study used an attention layer to selectively focus on the relevant parts
of the input sequence. Then two fully connected layers were used to map the LSTM

representations into RUL predictions.

De Santo et al. (2022) proposed an LSTM-based model to predict the health status of
hard disk drives. The model leveraged Self-Monitoring Analysis and Reporting Technology
(SMART) attributes to monitor hard disk drive health over time. Their results showed
that the approach outperformed state-of-the-art methods, with the model being able to
predict hard drive health status up to 45 days before failure.

Ince and Genc (2023) proposed a joint autoencoder-regressor model which makes use of a
convolutional autoencoder (as mentioned previously in section 3.3.3) and an LSTM-based
regressor. The RUL regression layers contain two LSTM layers which extract temporal
information from features extracted by the encoder. Subsequently, dense layers were used
to generate predictions for RUL, at specific time steps, based on this temporal information.
They note that using more than one output in neural networks (known as multitask

learning) is anticipated to improve the generalisation of their approach.

Wang et al. (2024) introduced a bidirectional LSTM network with an attention mechanism
for predicting the RUL of turbofan engines using the C-MAPSS dataset. To improve the
model’s prediction performance Bayesian optimisation was used to optimise the hyperpa-
rameters. Additionally, the study proposed a scheduling framework using mixed-integer
linear programming to optimise maintenance scheduling which was aimed at minimis-
ing the total maintenance time. The results demonstrated that the proposed model and
scheduling system effectively monitored aircraft engine health in real-time and significantly

reduced maintenance time.
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A.7.2 Dense feed-forward neural network for remaining useful life pre-
diction

Feed-forward networks (FFNs) are known by many interchangeable names, such as ANN
and Multilayer perceptions (MLPs). The general structure of an FFN comprises of an
input layer, one or multiple hidden layers and an output layer. A key characteristic
of FFNs is the absence of recurrent connections, meaning that data flows in only one
direction. All the studies that used FFNs for prediction made use of fully connected
FFNs. A fully connected FFN, also referred to as a dense-ANN, is one where all the

neurons in each layer are connected to all the neurons in the next layer.

Zhao et al. (2018) proposed a local feature-based GRU. It involved generated sequences
of local features that passed through a bidirectional GRU network to realise the data
representation. These representations were then passed through a fully connected feed-
forward network and linear regression layer to predict the machine condition. Liu et
al. (2021) used a dual attention-based TCN to extract degradation features which were
passed through fully connected layers that served as the regression machine to predict the
RUL. The primary loss function used to train the regressor was MSE. Additionally, they
used the multi-kernel maximum mean discrepancy (MK-MMD) loss function to minimise
discrepancy between source and target domains which improved the model’s ability to
perform under differing operating conditions. Winkel et al. (2023) used an RUL prediction
technique based on MLP which was used as part of their approach that focused on a
Maintenance Algorithm for Unlabeled Data (MAUD). The MAUD framework involves
pseudo-labelling, and the MLP was trained on both labelled and unlabeled data (semi-

supervised) to predict the failure risk of electromechanical relays.

In the research done by Gao et al. (2023), a feature fusion network and fully connected
layers were used to estimate the RUL. The fusion network was used to combine the features
generated by the dual channel feature attention framework to learn a higher representation
of the data. The output was then passed through fully connected layers for prediction. To
improve the reliability of the RUL predictions (Gao et al., 2023), used the Monte Carlo
dropout method, which characterised the uncertainty of predictions by simulating different
dropout scenarios during testing. This enabled them to provide a confidence interval for
the RUL estimates.

He et al. (2024) employed a different uncertainty quantification strategy. Their framework
integrated; depth-wise separable convolution, dilated causal convolution, and a convolu-
tional block attention module to extract multiscale degradation features in spatial and
temporal dimensions. These features were then passed to a dense ANN for RUL pre-
diction. A staged-optimisation layer was then used to quantify the uncertainty of the
prediction. Their approach avoided overconfident point predictions (compared to tradi-

tional CNNs that often overlook uncertainty caused by noise) and thus provided a more
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realistic confidence interval without changing the network structure.

After extracting spatial and temporal features via their proposed SGIAEC framework, Liu
et al. (2024) used a mapping module consisting of several fully connected layers (dense
ANN) to predict the RUL. The model’s training process was guided by the MSE loss
function. Their proposed approach incorporated dropout regularisation to help prevent

overfitting and improve generalisation.

Zhuang et al. (2024) introduced a graph-embedded subdomain adaptation network to
forecast the RUL across various machines in an Industrial Internet of Things (IIoT) envi-
ronment. Their approach incorporated manifold graph construction, similarity evaluation,
and discrepancy learning to refine the model. A regressor with four fully connected lay-
ers was then used, utilizing the Sigmoid activation function in the final layer for RUL

prediction. The model was trained in an end-to-end manner using the MSE loss function.

A.7.3 GPR for remaining useful life prediction

GPR is a non-parametric kernel-based supervised ML approach (Meng et al., 2023). Their
nonparametric characteristic means that it does not assume a predefined form for the un-
derlying functions. It instead functions by assigning greater probabilities to functions
that are more consistent with the observed data (Fathi et al., 2021). Fathi et al. (2021)
describes GPs as an infinite-dimensional multivariable distribution where any finite col-
lection of variables follows a Gaussian distribution. Meng et al. (2023) points out that,
because GPR is a non-parametric and probabilistic method, it can tackle the extrapola-
tion issue while also quantifying the related uncertainty, i.e., the model’s confidence in its
predictions. Another advantage described by Fathi et al. (2021) is that trained GP models
do not require numerous data points to predict anomalous values and do not require a

long time to be re-trained.

Tanwar and Raghavan (2020) did research on the RUL prediction of equipment lubrication
systems. They stressed that various factors make their RUL prediction task difficult such
as various environmental conditions, oil replenishments, oil loss, chemical breakdowns etc.
As a result, they argued that several standard statistical approaches are not suitable due
to the intractability of these time-series degradation trends. To address this problem, they
proposed a GPR model, taking advantage of its nonparametric Bayesian characteristic.
Specifically, they used a multi-output GPR allowing them to define correlations between
historical degradation trends for similar lubrication systems and the real-time degradation
pattern of the system being monitored. The robustness and applicability of their approach
were verified by investigating three different oil replenishment strategies under the multi-
output GPR framework. Fathi et al. (2021) used the GPR algorithm for RUL prediction.

The study extracted Hls from autoencoder-based anomaly detection, where a sigmoid
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function was applied to predict the probabilities based on Cls. The GPR model was trained
on 20 past HI data points to forecast 15 future HI values. The RUL was estimated by
determining the difference between the current timestamp and the timestamp at which the
HI exceeds the threshold. Meng et al. (2023) conducted research on predicting the end-of-
life of batteries while incorporating uncertainty quantification. Their approach first applies
a Kalman filter (KF)-based, empirical-model-free state tracking phase to process partial
battery degradation data. Instead of directly forecasting the future degradation curve, this
approach converts the problem into predicting two parameters (virtual degradation rate
and virtual acceleration). This conversion simplified the task by reducing the complexity

of the degradation trend. A GPR model was then used to predict these two parameters.

A.7.4 ESN for remaining useful life prediction

Bala et al. (2020) describe ESNs as a modern variant of RNNs, distinguished by using
a dynamic reservoir that replaces the trainable hidden layers of traditional RNNs. The
general structure of an ESN comprises an input layer, a reservoir (which can contain
hundreds to thousands of sparsely connected neurons depending on task complexity), and
an output layer (Catelani et al., 2021; Bala et al., 2020). Due to ESN’s inherent simplicity
in both training and architecture, Catelani et al. (2021) describe it as a fast and efficient
type of RNN, recognised for its inherent simplicity in both training and architecture. A
key feature of the ESN is the echo state property, which ensures that the influence of
past states and initial inputs diminishes over time, rather than continuously increasing
(Bala et al., 2020). This implies that ESNs help address the vanishing and exploding
gradient problems that traditional RNNs often face. Bala et al. (2020) note, however,
that designing the parameters and topology of an ESN presents a significant challenge.

Bala et al. (2020) focused on optimising an ESN to predict the RUL of turbofan engines
(C-MAPSS) using an "Improved Grasshopper Optimisation Algorithm” (GOA). The im-
proved GOA optimised several parameter settings including reservoir size, spectral radius,
and leaky rate. It was found that their optimisation approach improved the accuracy and
convergence speed of the ESN, outperforming other techniques such as Cuckoo Search
and Particle Swarm Optimisation. Catelani et al. (2021) on the other hand used ESNs to
predict the RUL of lithium-ion batteries. They generated training data for the ESN using
both double and single exponential models. To improve prediction accuracy, the ESN was
integrated with a state-space estimation technique. Additionally, they introduced a deep

layer within the ESN to help capture the inherent nonlinear trends of the battery data.
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A.7.5 GRU for remaining useful life prediction

The GRU is a variant of LSTM which comprises of more simplified gating mechanisms
compared to LSTM and consists of reset and update gates that control the flow of infor-
mation. Its structure is shown to improve the efficiency of the model in many cases (Gong
et al., 2022)

In the study by Gong et al. (2022), a bidirectional GRU-based model was proposed.
Specifically, two GRUs (allowing forward and backward information flow) were used to
capture past and future dependencies in the data. This bidirectional architecture enabled
the model to capture temporal features more effectively. Zhao and Zhang (2024) integrated
the GRU with a Multi-Head Self Attention (MHSA) mechanism to predict the RUL of
rolling bearings. The GRU was able to avoid issues such as vanishing and exploding
gradients. The MHSA mechanism focused on different parts of the sequence to assign
attention to time steps identified as important. This structure improved the model to

learn from long data sequences

A.7.6 FE-LSTM and FE-Dense ANN Architectures

The studies reviewed demonstrate a range of RUL prediction algorithms, each with unique
combinations of feature extraction FE) and prediction algorithms. However, studies util-
ising LSTM and Dense ANN predictors tend to adopt similar architectural combinations.
Figure 11 illustrates the proportion of FE techniques employed alongside LSTM and Dense
ANN models.

BAE-LSTM ®CNN-LSTM @Other BCNN-Dense ANN @TCN-Dense ANN  @OOther

A) FE-LSTM Architectures B) FE-Dense ANN Architectures

Figure A.11: Distribution of different feature extraction (FE) and LSTM (A) and Dense

ANN (B) prediction model architecture combinations.

Figure A.11 A. highlights the distribution of different FE-LSTM-based architectures, with
AE-LSTM making up 25%, CNN-LSTM at 38%, and other LSTM-based architectures
accounting for 38%. Figure A.11 B. shows the FE-Dense ANN-based architectures, where
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CNN-Dense ANN represents 44%, TCN-Dense ANN accounts for 22%, and other unique
combinations make up 33%. These distributions indicate a strong preference for CNN-
based feature extraction when paired with both LSTM and Dense ANN models

A.8 Optimisers

Optimisation is central to many ML approaches. These algorithms revolve around min-
imising or maximising certain functions to improve model performance (Ruye, 2025). In
neural network-based models, optimisers play the role in training the models by converg-
ing towards optimal parameters, while balancing trade-offs such as stability and efficiency
(Nwankpa, 2020).

22 studies explicitly mentioned the use of optimisers. In Fig. 12. the proportion of
optimisers used in the selected articles is presented. Based on the findings, it is evident
that Adam Optimiser is the most used optimiser, used in 62% of the relevant papers. This
is followed by Stochastic Gradient Descent (SGD) which was used in 15% of the applicable

studies

70% 60% 50% 40% 30% 20% 10% 0%

Figure A.12: Distribution of optimiser algorithms found in the literature.

A.8.1 Adam optimiser

Adam optimiser proposed by Kingma and Ba (2014) is a stochastic optimisation approach
that relies only on first-order gradients and has low memory requirements. It involves
calculating individual adaptive learning rates for different parameters based on estimates
of the first and second moments of the gradients (Kingma and Ba, 2014). The Adam
optimiser combines the parts of RMSProp and AdaGrad (two well-known optimisers)
to estimate the mean (first moment) and uncentered variance (second moment) of the
gradients (Nwankpa, 2020).

Adam optimiser emerged as the most used optimiser for training in the studies. Hu et al.
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(2023) opted for its use because of its ability to independently adapt the learning rates
for different parameters by analysing both the first and second-moment estimations of
the gradient. This ensures convergence stability without the requirement of storing global
gradients making it particularly useful for large datasets. Kumar Sharma et al. (2022)
and Zhao and Zhang (2024) employed the Adam optimisation algorithm in conjunction
with early stopping and dropout regularisation to mitigate overfitting and enhance the
generalisation capability of their models. Gao et al. (2023) used a unique dropout approach
that involved stochastic forward passes, using Adam in conjunction with Monte Carlo
dropout to estimate uncertainty during training. Ong et al. (2022) applied Adam in their
Proximal Policy Optimisation (PPO) model, integrated within a PPO-LSTM architecture.
This combination addressed challenges such as the retrieval of older state-action sequence
information due to varying equipment degradation rates. The incorporation of an LSTM
layer enhanced the optimisation process by enabling Adam to more effectively capture
the temporal dependencies. Rivas et al. (2022) combined Adam with Bayes by backprop
(a variational inference algorithm) to update the distribution parameters of a Bayesian
Neural Network. Adam specifically functioned to update the distribution parameters for
the weights and biases in the network and Bayes by backprop applied the variational
inference. Liu et al. (2021) used Adam with a regression loss. The main optimisation
objective was to minimise the source regression loss which measured the accuracy of the
RUL predictions. Notably, all the recent studies that used Adam used MSE as the loss
function during optimisation including, Wang et al. (2024), He et al. (2024), Kim et al.
(2024), and Zhao and Zhang (2024). Other works that utilised Adam include Winkel et al.
(2023), De Santo et al. (2022), Gong et al. (2022), and Aydemir and Paynabar (2020).

Two studies used other variants of Adam. Rectified Adam was used by Zhang et al.
(2022), which incorporated a rectification mechanism to stabilise the adaptive learning
rate. Hsu et al. (2022) used Nadam (Nesterov-accelerated Adaptive Moment Estimation).
Their study favoured Nadam due to its faster convergence in loss compared to Adam and
RMSprop during experimentation. The authors argue that in some cases the integration of
Nesterov momentum in Nadam allows for quicker and more stable optimisation compared

to the standard Adam optimiser.

A.8.2 Stochastic gradient descent

SGD builds on the gradient descent algorithm. However, instead of using the entire dataset
to compute gradients and update model parameters, SGD, also referred to as random GD,
randomly picks small samples (Tschope, 2019). This significantly reduces computational
requirements and improves performance on large datasets compared to more advanced

methods that use detailed second-order calculations (Ruye, 2025).

Fathi et al. (2021) was the only study to use non-random GD. They used a GD-based learn-
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ing algorithm to adjust the delta robot’s system parameters during motion by minimising
the tracking error function. Lu et al. (2021) used SGD as their optimiser to minimise
the MSE of the generative (LSTM) and discriminative (autoencoder) in their proposed
adversarial learning architecture. The MSE was also used as a loss function in the study
by Cheng et al. (2021) where SGD was used to optimise both the weight coefficients and
biases in their ensemble LSTM model, with parallel training of multiple networks. Zhuang
et al. (2024) used SGD to optimise the cross-entropy loss for local manifold distributions

in their graph-embedded subdomain adaptation network.

A.9 Hyperparameter tuning techniques

The next critical step in training an neural network is hyperparameter tuning. Unlike
internal parameters learned from data during training, hyperparameters are exteral con-
figurations which effects how an algorithm behaves during the training process. The
majority of ML algorithms are set up by a collection of hyperparameters, the values of
which frequently have a significant impact on performance and must be carefully selected
(Bischl et al., 2023). Some of these can include the number of layers of the model, type of
activation functions used, batch sizes of data, optimisers used, and learning rates, among
others. Essentially, hyperparameters are settings or configurations that are determined
before training begins and remain constant throughout the training process (Arnold et al.,
2024). In Fig. 13. the proportion of different hyperparameter tuning techniques used in

the selected studies is presented.

Other
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—  Conjugate gradient method, (Meng et al., 2023)

10% [ Manual tuning | — GOA, (Bala et al., 2020)
—  Heuristic approach. (Aydemir and Paynabar, 2020)
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—  log-likelihood, (Tanwar and Raghavan, 2020)
7% [ BOA —  Sigmoid Function (Minimax), (Fathi et al., 2021)
7% [ RS —  Cosine annealing, (Liu et al., 2024)

—  Learning rate reduction on plateau, (Hsu et al., 2022)

27%6 Other —  Cross validation, (Kim et al., 2024)
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Figure A.13: of algorithms/techniques found in the literature for hyperparameter optimi-

sation.

A.9.1 Grid Search

GS involves a thorough search over a manually selected subset of the hyperparameter
space used by the ML model (Belete and Huchaiah, 2022). It works by dividing the range

of each parameter into smaller intervals, calculating the target value, which is usually
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an error, for every parameter combination, and selecting the best one to minimise the
target value (Hu et al., 2023). Belete and Huchaiah (2022) contend that this method’s
ease of use, parallelisation capabilities, and resilience in low-dimensional areas make it a
good approach for hypermeter optimisation. However, traditional GS methods are time-
consuming which limits its application involving large datasets (Beltrami and Da Silva,
2020).

Despite the limitations of GS, recent studies have still effectively used it to optimise the
hyperparameters of their models. For example, Hu et al. (2023) used GS to optimise
multiple hyperparameters of their deep bidirectional RNN ensemble. These included the
number of hidden cell layers and neurons, as well as parameters related to the regression
Decision Tree (DT) in the ensemble layer. Gao et al. (2023) utilsed GS to optimise
hyperparameters in their dual-channel feature attention-based approach, including the
number of epochs and batch sizes. The study by He et al. (2024) adopted GS for optimizing
hyperparameters in their cascaded multiscale convolutional neural network (CMS-CNN)
framework. The GS was used to fine-tune hyperparameters such as the number of CMS-
CNN modules and the size of convolution kernels. Zhao and Zhang (2024) applied GS
to systematically search for the best combination of hyperparameters in their hybrid-
based model. In the research done by Zhuang et al. (2024), GS was used to optimise
sensitive hyperparameters, specifically the trade-off coefficients in their graph-embedded
subdomain adaptation network model. Other studies that used GS include Costello et al.
(2017), Khelif et al. (2017), Cheng et al. (2021), De Santo et al. (2022), Rivas et al. (2022),
and Zhang et al. (2022).

A.9.2 Genetic Algorithm

Conversely, GAs are particularly suited for high-dimensional hyperparameter spaces (Mehdary
et al., 2024). GAs are randomised optimisation techniques inspired by natural selection
and evolutionary processes (Beg and Islam, 2016). Another notable advantage GAs have
over local methods (such as GS) is that they do not remain trapped in local maximums

or minimum (Aszemi and Dominic, 2019).

Three studies in the selected works have used GAs to optimise their model’s hyperparam-
eters. Catelani et al. (2021) used a GA for their ESN model. It specifically optimised
parameters such as reservoir size, spectral radius and leaky rate. Kumar Sharma et al.
(2022) utilised it to tune the hyperparameters of their LSTM network. The search space
was defined with options for parameters such as number of units, dropout rates, batch
sizes and activation functions. Ince and Genc (2023) used GAs to optimise their joint
autoencoder-regressor deep neural network model. The parameters included window size,
learning rate, number of filters in convolutional layers, kernel size, activation functions,

and LSTM units. All the studies followed the same evolutionary process in their GA
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approach, involving population initialisation, crossover, mutation, and elitist selection.

A.9.3 Bayesian optimisation algorithm

According to Wang et al. (2024), the Bayesian optimisation algorithm (BOA) is a method
that has been proven to be effective for hyperparameter optimisation. This approach
involves combining the GPR model with an acquisition function (Wang et al., 2024). The
GPR model estimates posterior probability distributions based on observed data, while

the acquisition function selects the next point to evaluate.

Wang et al. (2024) used Bayesian Optimisation (BO) to tune hyperparameters such as the
number of neurons in the CNN and Bi-LSTM layers, as well as the dropout rate, activation
function, and learning rate in their deep learning ensemble model. In the research done by
C. Liu et al. (2021), BOA was utilised to fine-tune hyperparameters such as the learning
rate, number of convolution filters, and kernel sizes in their dual attention-based TCN
model. They selected those parameters by utilising cross-validation with a tree Parzen

estimator-based algorithm using the HyperOpt library.

A.9.4 Random Search

Random Search (RS) is an optimisation algorithm that works by randomly selecting a
predefined range of hyperparameter values. The performance of the randomly chosen
combination of hyperparameter values is then evaluated and the best is selected. This
is a more efficient way of searching for hyperparameters compared to more brute-forced

methods such as GS as it does not search through all possible combinations.

Aremu et al. (2019) utilised RS to optimise the hyperparameters of their Relative Entropy
Weibull-SAX framework. The RS method was applied to fine-tune the parameters of a
Random Forest Regression (RFR) model, which was trained using a standard 70%-30%
split for training and testing, respectively. Winkel et al. (2023) used RS to optimise their
MLP-based prediction model. They conducted 20 random draws to tune parameters such
as the number of neurons per layer, activation functions and dropout rates. The hyperpa-
rameter values were sampled from a uniform probability distribution and to evaluate the
effectiveness of each randomly selected combination of hyperparameters, the accuracy of

the model during the first training iteration was used as the performance metric.

A.9.5 Manual Tuning

In some cases, the hyperparameter space is small and /or researchers have domain expertise

or intuition about the necessary hyperparameters to use for their models. In these cases,
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they may opt for manual hyperparameter tuning which involves systematically experiment-
ing with different hyperparameter configurations. Zhao et al. (2018) used manual tuning
to adjust the hyperparameters of their local feature-based GRU network. They systemat-
ically experimented with various hyperparameters such as the learning rate, the number
of recurrent layers, and the number of hidden units and validated their approach with
different datasets. In the research by Ong et al. (2022), manual tuning was performed on
their deep reinforcement learning-based model. They experimented with different learning

rates, LSTM layers and optimiser settings.

A.10 Performance Evaluation Metrics

After PAM models are trained and optimised, they are typically evaluated using a set
of metrics. These metrics are useful for comparing less-optimised versions of the same
approach, internal architectural variants, and sometimes alternative models reported in
external literature. However, most of the reviewed papers primarily aim to demonstrate
the performance of an end-to-end pipeline on a selected dataset. As a result, performance
numbers are not always directly comparable across studies, because differences in prepro-
cessing, feature/window construction, label definitions, tuning budgets, and evaluation
protocols can materially affect the reported metrics (Kapoor et al., 2024). Furthermore,
across the reviewed papers, key protocol details (e.g., split approach, window construction,
and target definition such as RUL capping) are not always stated explicitly, which further

limits the comparability of reported metric values.

Within the reviewed studies, comparisons are therefore commonly made between variants
within a single modelling family (e.g., alternative neural architectures within deep learn-
ing), rather than as broad cross-family benchmarks. For instance, Kumar Sharma et al.
(2022) focuses on comparing alternative deep-learning configurations of an LSTM-based
architecture, and Gong et al. (2022) compares several neural sub-architectures within
the deep-learning family. However, cross-family comparisons are valuable because, when
they are run on a common testbed under the same experimental protocol, they support
fair comparisons and help attribute performance differences to the algorithms rather than
inconsistent evaluation setups (Packer et al., 2018). Studies such as Hsu et al. (2022) cross-
evaluated their model across a wider range of model families, spanning tree-based methods
(e.g., Random Forest, XGBoost) and deep-learning models (e.g., LSTM and CNN).

This section synthesises the evaluation metrics used across the selected studies. These
metrics align with either regression-based or classification-based tasks. RUL prediction is
traditionally treated as a regression task because RUL is a continuous quantity. However,
some studies instead formulate the task as a classification problem or rely on classification
metrics to define distinct health states of equipment. Figure A.14 shows the proportion

of studies that used classification metrics or regression metrics.
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Sharma et al. (2022). Costello et al. (2017)

B Only Classification Metrics BOnly Regression Metrics OBoth

Figure A.14: Proportion of studies that used classification metrics or regression metrics.

Only 3 studies made use of classification metrics, with one focusing purely on a classifica-
tion task. Costello et al. (2017) used a test accuracy metric to evaluate their L2 and L1
regularised SVM classifier models in classifying label states (Online, Upper, Lower). Addi-
tionally, a cross-validation (CV) score was used to evaluate the generalisation performance
of the classifiers by averaging the models’ performances during training. The classified
states were then used as inputs to a logistic regression (LR) model which predicted the
RUL. The RUL prediction performance was evaluated using Pearson’s correlation coeffi-
cient which served as a regression-type metric that measured the relationship between the
estimated state membership probabilities and the actual RUL. In the research done by
Sharma (2025), their TCN-based models, which predicted the RUL, were evaluated using
commonly used RUL regression metrics including root mean square error (RMSE), mean
square error (MSE), mean absolute error (MAE) and a scoring function (SF). The study
further focused on classifying failure events within specific time windows. To do this,
binary classification was used to predict whether the engine would fail within the next
defined number of cycles. Additionally, multi-label classification was performed where
each label corresponds to different time intervals until failure. To evaluate how the classi-
fier correctly identified the labels, metrics such as accuracy, precision, recall and F1-score
were used. De Santo et al. (2022) reframed the RUL estimation, traditionally a regression
problem, as a classification task. This enabled them to use classification metrics such as
accuracy, precision and recall. Specifically, they defined multiple health statuses for hard
drives as discrete levels based on proximity to failure, rather than predicting an exact RUL
value. They did this by using a regression tree (RT) to divide the health statuses into
different classes, such as good, very fair, fair, soft warning, warning and red alert, based
on how close the hard drives were to failure. Accuracy measured the overall correctness
in classifying health states, while precision focused on the accuracy of failure predictions,
and recall assessed the model’s ability to identify all failing drives. Moreover, De Santo
et al. (2022) utilised a failure detection rate (FDR) and a false alarm rate (FAR) met-
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ric. FDR quantified the proportion of correctly classified actual failed sequences. While
FAR indicated the frequency with which the model triggered alerts that were not actually

needed.

The other 27 studies purely made use of regression-related metrics to evaluate their regres-
sion models’ RUL prediction performance. The works made use of a variety of different
evaluation metrics. To organise them, they were categorised in the following areas: accura-
cy/error, computational efficiency, reliability, fit and generalisation. Figure A.15 presents

the distribution of evaluation metrics used in the literature
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Figure A.15: Distribution of evaluation metrics used for RUL prediction models.

A.10.1 Accuracy/ Error metrics

28 out of the 30 studies used at least one accuracy/error performance metric. Accuracy
includes metrics that determine how close the models’ predictions are to the actual out-
comes or labels. Various metrics were used for this including several point prediction
metrics such as root mean squared error (RMSE) and mean absolute error (MAE). Where
RMSE was the most common, it was utilised by 20 of the studies, and 4 studies made use
of the non-squared (MSE) variant. Moreover, the MAE was used by 10 of the studies.
Other commonly used accuracy-related metrics include the use of score function (SF),
which was used by 15 studies, and categorical metrics. To assess the accuracy of models,
the following SF was used by the works (taken from Gao et al. (2023)):

Score = { /31 h=g; —y; (A.1)
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Where ¢; is the predicted RUL, and what y; is the actual RUL of the jth sample, and
a1 and a9 are constants that control the sensitivity of the score depending on whether it
h is positive or negative. In other words, the scoring function (SF) weights the impact
of under- and over-predictions, where smaller errors yield smaller score values, indicating

better model performance.

There were several other unique accuracy/error-related metrics used by the studies. Cheng
et al. (2021) used a mean score function, which is like SF, where it applies different weights
to overestimations and underestimations. However, the MSF averages individual scores
and overall predictions. Khelif et al. (2017) made use of a unique metric referred to as
a performance metric. Specifically, it counts how many predictions fall within a defined
acceptable range. If the prediction error is within the specified range, the prediction
is considered correct. This allows for a binary assessment of the model’s performance as
opposed to the SF that outputs a continuous penalty based on how far off the prediction is.
The Mean Absolute Percentage Error (MAPE) metric was used by Aydemir and Paynabar
(2020). This metric measures the average of the absolute percentage differences between
the actual and predicted values. Intrinsically, it puts equal weight on all errors, regardless
of the magnitude of over- or underestimations. Meng et al. (2023) used a Mean End of
Life Cycle Prediction ( EOL) metric which calculates the average predicted End of Life
(EOL) cycle across multiple test instances and compares it to the actual observed EOL
cycles. In Zhao and Zhang (2024), prediction accuracy was evaluated using a percentage
error rate (relative deviation between predicted and true RUL), which normalises errors
across different RUL magnitudes. Furthermore, they implemented a scoring system based
on this metric and introduced a weighting mechanism to account for the significance of

under- and over-predictions to assess the practicality of their model.

A.10.2 Computational Efficiency

Training time is the second most used metric (used by 10 studies). This directly assesses
the computational efficiency of the model. A model that can quickly be trained is desired in
real-time environments when models need to be frequently retrained and deployed (Prapas
et al., 2021). Additionally, training time is important to measure since a model with a
shorter training time can scale better with larger datasets (Prapas et al., 2021). While
other efficiency metrics can also be reported, such as “inference accuracy, inference time,
throughput, memory usage, and power consumption” (Ratul et al., 2025), training time

was the only computational-efficiency metric used in the selected studies for this category.
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A.10.3 Reliability Metrics

Reliability metrics focus on evaluating the stability and consistency of the model. 4 stud-
ies incorporated reliability-related metrics. Meng et al. (2023) used an SD of EOL Cycle
( EOL) metric. The metric functioned to assess the model’s ability to consistently predict
the EOL predictions by measuring the indicated variability /spread of the predictions. Ri-
vas et al. (2022) used LB-MAE (Lower Bound Mean Absolute Error) as a metric. LB-MAE
assesses the difference between the mean prediction and the lower bound for uncertainty.
This enables the assessment of how conservative the model was in predicting the time that
remains before a failure occurs. A recent study by He et al. (2024) used prediction in-
terval coverage probability (PICP), a metric that quantifies the proportion of predictions
where the true RUL falls within the predicted interval, given a specified confidence level.
Catelani et al. (2021) used mean monotonicity to measure the consistency of the trend
of the predictions over time. A high score indicated that the predicted values decrease
consistently as the system (in this case lithium-ion batteries) approaches its EOL. This
helps see if the prediction follows the expected real-world smooth downward trend and

identifies artificial/unreliable prediction fluctuations.

A.10.4 Fit Metrics

The evaluation of the fit assesses how well the model explains the variance between the
models’ outputs and the actual data. Catelani et al. (2021), Sharma (2025), and Zhuang
et al. (2024) used R? the coefficient of determination. This metric measures how much of
the variance in the RUL variable is explained by the predictions of the model. The closer
the R? value, the better the indication is that the model is capturing the variation of the
data. Fathi et al. (2021) used a similar metric, explained variance, which also measures
how much of the data’s variability is captured by the model. However, explained variance
does this without directly comparing and penalising it against a baseline (mean prediction)
like R2. Costello et al. (2017) took a different approach by opting for Pearson’s correlation
coefficients to evaluate the strength of the linear relationship between the predicted RUL
and actual RUL. This approach focused on the correlation between the two variables rather

than the variance explained by the model.

A.10.5 Generalisation Metrics

It is vital for models to generalise well, meaning they perform well on unseen data. Gener-
alisation metrics evaluate how well a model can maintain its accuracy on new unseen data
and ensure that the model will consistently make accurate predictions on data beyond the
sets it was trained on. Costello et al. (2017) utilised the Cross-Validation (CV) Score as

a metric for generalisation. This method involved partitioning the dataset into multiple
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subsets. The model is then trained on some of these subsets and tested on the remaining
ones. By tracking performance across all iterations, the final CV score could be obtained.
Ong et al. (2022) applied the mean reward received to evaluate their deep reinforcement
learning-based model. The reward function was defined as part of the agent’s policy op-
timisation process. Specifically, the rewards were accumulated for actions that resulted
in successful maintenance actions, and penalties were accumulated for failed actions. The
average cumulative performance allowed the authors to assess how well the trained policy

performed across a variety of scenarios that were not encountered during training.

Notably, out of all the reviewed works, Tanwar and Raghavan (2020) was the only study to
evaluate their models’ performance across multiple reduced training data fractions. Specif-
ically they trained on 20%, 40%, 60% and 80% fractions of lubricant condition monitoring
(LCM) time-series data, where degradation is represented by wear debris concentration
(WDC, ppm) over operating time. This enabled the quantification of how senstive the
model performance was to limited data and demonstrated the effectiveness of their ap-
proach even under limited data experiments. Although the reduced-data analysis was not
used for cross-family benchmarking, the proposed multi-output Gaussian process regres-
sion (GPR) model was found to outperform the baseline GPR variants across the training

set fractions.

A.10.6 Interpretability and Operational Effectiveness Metrics

Interpretability and operational effectiveness-based metrics were each used by only one
study in this review. Catelani et al. (2021) used a mean interpretability metric in addition
to the more common accuracy, reliability, fit, and generalisation metrics as previously
discussed. Specifically, their model could be interpreted in terms of representing the
battery’s health stages. A high score indicated that the model can effectively divide the
system degradation into stages that are meaningful and easy to understand. Winkel et al.
(2023) also used a unique metric that focused on operational effectiveness. They used two
metrics which measured the utilisation and failures of the system. The utilisation metric
measured the percentage of the lifetime of electromechanical relays that were utilised
before maintenance was performed. This implies that a higher utilisation indicates that
a relay was used for a larger fraction of its potential lifespan. A higher utilisation is
preferable since this means that unnecessary maintenance actions are reduced. On the
other hand, the failure metric measured the percentage of relays that would fail without
prior maintenance. This metric was aimed to keep as low as possible since these failures

potentially led to downtime and higher maintenance costs.
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A.11 Future recommendations of studies

Future work sections in papers identify potential areas for improvement or further research
in the field. Of the 30 studies 26 studies proposed a total of 46 future works. The future
works were categorised into eight different groups based on the nature of the research focus.
The eight categories made up 64% of the mentioned future works and included subdomain
adaptation, application to new domains, hyperparameter tuning, model uncertainty, prac-
tical application, transfer learning, anomaly detection, and equipment-specific research.

Figure A.16 shows the distribution of the proposed future works

139, [N  Subdomain adaptation
13% [N Application to new domains
00, [N Hyperparameter tuning
99 [N Model uncertainty
7% [ Practicle application
405 [ Transfer learning
40 [ Anomaly detection
49 I Equipment specific research

370 T Ofher

40% 35% 30% 25% 20% 15% 10% S% 0%

Figure A.16: Distribution of the proposed future works.

A.11.1 Subdomain Adaptation

Subdomain adaptation was one of the most proposed future works, mentioned in 13% of
the literature. It is concerned with adapting models within the same domain but under
varying conditions, datasets, or environments. In the future work proposed by Costello
et al. (2017), for example, the development of a general model for gas circulator refuelling
vibration response, and broader circulator data, including both normal and degradation
behaviour, are suggested. They stress that although thorough testing and cross-validation
were conducted, the proposed classification models used in the study were restricted to a
specific machine example. Tanwar and Raghavan (2020), focused on predicting the RUL
of lubricating oil and recommended that future work should account for other factors
such as the effect of imperfect maintenance, loss of oil, operating conditions, and environ-
mental changes, among others. Rivas et al. (2022) used the FD001 and FD003 datasets
(CMAPSS datasets containing one operating condition) but highlighted that future work
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should focus on expanding their model to datasets that present multiple operating con-
ditions such as FD002 and FD004. Hu et al. (2023) suggested investigating distributed
adaptive methods that consider the limited historical monitoring data across various op-
erating conditions within the C- MAPSS dataset further. They argue that this will allow
the proposed method to be adaptively adjusted, enhancing its ability to generalise across
different application scenarios. He et al. (2024) suggested incorporating working condi-
tion information into the RUL prediction task to better quantify bearing RUL uncertainty
across different working conditions. Zhuang et al. (2024) proposed investigating an ad-
versarial subdomain adaptation approach for machine health monitoring to address and

eliminate discrepancies between subdomains by utilising adversarial learning.

A.11.2 Application to New Domains

The other most proposed future work, also mentioned in 13% of the future works, is re-
ferred to as application to new domains. While subdomain adaptation focuses on applying
the model to data sourced from the same equipment type (however under different operat-
ing conditions) this category suggests applying/adapting existing models or techniques to
entirely different domains. For example, Gao et al. (2023) propose the development of a
cloud platform that incorporates their dual-channel feature attention-based approach for
RUL detection that can generalise well to various types of engines. In addition, Tanwar
and Raghavan (2020) suggest that future research should apply their approach to real
condition monitoring datasets from various other industrial systems to further validate
and confirm the robustness of their model. Ince and Genc (2023) suggested that their
joint autoencoder-regression model approach should be applied to other domains that
benefit from time-series data. Furthermore, Cheng et al. (2021) recommended further
investigation of their ensemble LSTM network architectures for different equipment with
multi-sensor monitoring. Kim et al. (2024) suggested exploring how their transformer
architecture could be improved to generalise to other domains, including electronics and

industrial equipment.

A.11.3 Hyperparameter tuning

In 9% of the future works, the expansion on optimising the hyperparameters of the pro-
posed RUL prediction models, was proposed. Khelif et al. (2017) suggested that future
work should focus on improving their SVR model by exploring hyperparameter tuning
to analytically determine the parameters that yield the most accurate RUL estimate.
Aydemir and Paynabar (2020) argued that their approach is fit for employment in in-
dustry settings due to their model’s ease of implementation and rational mathematical
reasoning. However, they acknowledge that an improved systematic process for optimis-

ing network parameters, such as kernel sizes, number of layers, and neurons, is required.
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Kumar Sharma et al. (2022) recommended integrating more novel optimisation methods
with predictive models to improve hyperparameter search and develop resource-intensive
methods. Rivas et al. (2022) suggest the exploration of different hyperparameter tuning
algorithms such as the GA or simulated annealing to find the optimal hyperparameters of

their approach.

A.11.4 Model Uncertainty

Addressing the uncertainty of a model is vital for verifying or improving the generalisation
and reliability of RUL prediction models. Several studies (making up 9% of the proposed
future works) recognised the need to incorporate uncertainty estimation into their models.
Hsu et al. (2022) recognise that uncertainties arising from input data, model structure,
parameters, and data calibration can undermine the reliability of RUL point predictions.
Consequently, they suggest that RUL interval estimation should be explored to provide
better support for maintenance decisions. He et al. (2024) recognises that their proposed
method assumes that the RUL follows a normal distribution. In future work, they plan
to relax this assumption and develop a new uncertainty quantification loss function to
address the limitation. Kim et al. (2024) proposed integrating uncertainty modelling into
both the training and prediction phases of their model since it will offer several benefits
to their model. They add that by incorporating uncertainty estimation techniques, the
model could generate a predictive distribution rather than a single RUL point estimate
which would make more informative and reliable predictions. Liu et al. (2024) assert that
addressing the uncertainty in RUL prediction is a valuable area of exploration to enhance

the practical application of models in engineering.

A.11.5 Practical Application

Practical application refers to future work that addresses the need to apply the models
in real-world environments. This category was also mentioned in 7% of the future works.
Meng et al. (2023) suggest exploring how to integrate EOL prediction results into the
design of battery energy management systems. De Santo et al. (2022) suggests exploring
how data centre technicians and managers can effectively use the more detailed predictions
generated by their method to improve long-term maintenance planning. Rivas et al. (2022)
propose creating a PdM framework that can detect anomalies and be integrated with the
reactor training simulator at the North Carolina State University nuclear simulation lab.
This approach would showcase the framework’s effectiveness in maintaining a full reactor

system.
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A.11.6 Additional Future Works

Other suggested future works, each mentioned in 4% of the literature, included transfer
learning, anomaly detection and equipment-specific research. Liu et al. (2021) suggests
examining more efficient transfer learning approaches that can solve the fault prognosis
issue across diverse operating conditions. Ong et al. (2022) seek to investigate how transfer
learning techniques could be applied to increase the learning efficiency of their proposed
model. The anomaly detection category focused on suggested methods to identify unusual
patterns or deviations in system behaviour that may indicate faults or failures. Kumar
Sharma et al. (2022) seeks to investigate anomalies and injected out-of-distribution data to
address false triggers in ML-based models. Ince and Genc (2023) suggest the investigation
of incorporating metric learning into the fault detection algorithm for RUL labelling based
on fault detection. Equipment-specific research focuses on researching the characteristics
of the data extracted from the equipment to make improvements to the RUL prediction
frameworks. Wang et al. (2024) state that their future research will focus on PdM schedul-
ing for aircraft engines, with particular emphasis on examining how aircraft engine mission
cycles influence maintenance scheduling. Zhao and Zhang (2024) recommended studying
the degradation characteristics of rolling bearings to better define their health condition,

which would enhance the accuracy of prediction results.

A.12 Discussion

The research presented an SLR that investigated published literature in the domain of RUL
prediction for PAM. The review aimed to answer 11 questions (refer to section A.2). To
filter and identify the relevant studies that serve to answer these questions, the PRISMA
2020 methodology was used. A total of 30 studies were identified to be suitable for the

review.

Q1 was answered through section subsection A.3.3 where Figure A.4 showed that the
number of publications increased over the years indicating a growing interest in the field
of RUL prediction. Section 3.1 answered Q2 and Q3 by presenting the geographical and
citation distribution of selected works. It was found that RUL prediction for PdM is a
global interest, finding contributions from 14 countries, with China ranking the highest,
contributing 14 out of the 30 publications. Zhao et al. (2018) and Khelif et al. (2017) had
considerably more citations then the rest of the publications, with 808 and 414 citations

respectively. Most of the studies had citation counts that fall between 20 and 40.

The common challenges and limitations identified in PdM (Q4) where investigated in
section A.4. Two prevalent limitations have appeared repeatedly across the reviewed

PdM/RUL studies. First, many works point to a data and labelling constraints where
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labelled run-to-failure histories are scarce, labels can be uncertain, and datasets are of-
ten disproportionately ubundant with ”healthy” operation data with relatively few fail-
ure-progression samples. Second, the literature frequently raises generalisation as a chal-
lenge, since changing operating conditions and unit-to-unit variability can introduce do-

main shift and reduce performance outside the training distribution.

In section A.5 the types of data used in the selected works were discussed to answer
Q5. Most of the datasets used in the studies were synthetic (55%). However, the use of
synthetic data was largely homogeneous, with all but one study utilising the C-MAPSS
turbofan engine dataset. In contrast, the datasets sourced from real-world environments

were diverse.

To answer Q6, section A.6 investigated the FE techniques used by the selected research
papers. The section identified some of the most frequently used algorithms including CNNs
and TCNs making up 16% and 11% of the FE techniques used respectively. Notably, the
use of FE techniques was quite varied, with 51% of the techniques being unique (appearing
in only one study). This indicates that there is no standardised approach for applying
these techniques in the field. Possibly suggesting that FE is quite task-specific and requires
custom approaches for specific problems and datasets. However, this also highlights a

potential research area to explore more generalised FE approaches.

Q7 involved investigating which prediction models were used in the studies. Figure A.10
(refer to section A.7) presents the distribution of algorithms and techniques found in the
literature for RUL prediction. The results indicate that the range of algorithms used for
prediction is not as diverse, with only 23% of studies using unique algorithms. The most
widely utilised were found to be LSTM (23%), dense feedforward networks (23%), and
GPR (10

Q8 focused on identifying the optimisers used by the studies. In section section A.8 the
distribution of optimiser algorithms found in the literature was presented Figure A.12.
The Adam optimiser was the most favoured in the studies, being used 65% of the time,
followed by SGD, which was used in 15% of the cases. These findings suggest that Adam
is a versatile and reliable choice for RUL-related neural network training. The SLR also
investigated the hyperparameter optimisation techniques used by the studies to answer
Q9 (refer to section A.9). The GS method is found to be the most popular (40%) despite
its exhaustive and resource-intensive approach. This was followed by GA and manual

hyperparameter tuning, each appearing in 10% of the studies.

Q10, which examines the performance evaluation metrics used across the studies, was ad-
dressed in section A.10. The results show that 28 out of 30 studies used accuracy/error as
the primary metric to evaluate their models’ performance. RMSE stood out as the most
used metric for this evaluation (used by 20 of the studies). Despite the prevalent use of

accuracy metrics, the review reveals a notable underutilisation of other metrics. This in-
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cludes those related to the evaluation of model efficiency (training time), which appeared
in only 11 studies. Additionally, metrics assessing reliability and fit were featured in just
4 studies each, while those involving generalisation, interpretability, and operational effec-
tiveness were used in 2 or fewer papers. The minimal use of these metrics suggests a gap
in the comprehensive evaluation of RUL prediction models that extend beyond accuracy
and ensure that models are robust, reliable and suitable for real-world applications. In
addition, even when the same metric is reported (e.g., RMSE), values are not necessarily
comparable across studies if key experiment and evaluation protocols differ or are not

stated explicitly.

As highlighted, metric distribution needs to be interpreted in light of protocol sensitivity,
even when two studies report the same metric (e.g., RMSE), values are not necessarily
comparable if the underlying preprocessing, windowing, RUL capping, and evaluation
procedure differ. Consequently, “state-of-the-art” comparisons based purely on published
numbers can be suggestive rather than definitive unless baselines are re-implemented and
evaluated under a shared protocol. This reinforces the value of controlled benchmarking

studies that align the full experimental pipeline when comparing alternative approaches.

The last SLR research question, Q11, was analysed in section A.11. Out of the 30 papers
reviewed 26 studies proposed future research directions. Of these most suggested explor-
ing new application domains and subdomain adaptation (13% each). This emphasises the
importance and interest in researching the development of robust models that generalise
well to intra- and inter-domain scenarios. Additionally, model uncertainty quantification
and practical application have also been a commonly proposed area of investigation, both
appearing in 9% and 7% of future works respectively. These findings further underscore
the need for standardised evaluation metrics that fall beyond the scope of prediction ac-
curacy, such as generalisation, operational effectiveness, uncertainty, and interpretability.
Hyperparameter tuning techniques are also an area of interest, proposed by 9% of the stud-
ies. Other commonly suggested areas for future work include transfer learning (further
substantiating the need for generalised approaches), anomaly detection and equipment-

specific research.

A.13 Conclusion

From the results above, RUL prediction from PdM is a relatively new field, with the first
publication among the selected works being in 2017. Among the selected studies, China
accounted for 47% of the publications and included the most highly cited authors. The
review highlighted the use of synthetic data, which were used in 55% of the publications
compared to real-world data used in 45%. 94% of the synthetic data originated from
the C-MAPSS dataset. This is also highlighted in the suggested future works where 7%
of studies (where 50% of them used CMAPSS) suggest that practical application of the
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models in real-world scenarios should be investigated. FE techniques were dominated by
deep learning neural network techniques (specifically CNN, TCN and AE) used in 35% of
the publications. However, 51% of the publications made use of unique FE techniques,
suggesting the application of various FE techniques could be explored in more depth.
The applied prediction models were a bit more balanced, with LSTM and feedforward
networks utilised by 23% of the literature each. Notably, there was a strong preference for
CNN-based feature extraction techniques, particularly in combination with dense-ANN
and LSTM-based predictors.

The optimiser techniques used in the publications were, however, dominated by the Adam
optimiser, making up 65% of the applicable works, and the SGD optimiser, another 15%.
This suggests that the Adam optimiser is generally successful in PAM applications, however
there is a gap in exploring alternatives. Furthermore, hyperparameter tuning techniques
made use of the basic techniques like grid search, random search and manual tuning in
40%, 10% and 7% of the studies, respectively. However, 27% of other hyperparameter
tuning techniques were also utilised and could make for interesting future comparisons.
This trend was also picked up in the suggested future works, where 9% of the literature

suggested investigating hyperparameter tuning in more detail.

As expected, most of the studies used regression-based metrics since RUL prediction is in-
herently a regression task. Only one study converted the problem into a classification task
and only two studies used classification metrics to evaluate their classification health status
models. Furthermore, accuracy/error-based metrics were found to be the most widely used
type of metric, where only 2 studies didn’t use it. Among these types of metrics, RMSE
and SF have emerged as the prominent evaluation metrics, used by 20 and 15 studies
respectively. Notably, other metrics such as interpretability, reliability and generalisation
have been underutilised amongst the studies despite their importance in evaluating the
ability for models to be used in real-world applications. Further, substantiation for the
need for more extensive metrics can be seen in the proposed future works. Future recom-
mendations of model uncertainty (9%) and practical application (7%) suggest the need
for models to be evaluated in areas beyond the scope of accuracy. Additionally, those of
subdomain adaptations (13%), application of new areas (13%) and other suggestions like
the use of TL (4%) highlight the need for more generalised models that can be adapted

to various datasets.

The reviewed literature consistently reports that practical PAM/RUL work is constrained
by data realities. Specifically, labelled run-to-failure histories are often limited, labels can
be uncertain, and datasets are frequently imbalanced toward healthy operation, sometimes
compounded by sensor availability (Ince and Genc (2023), Fathi et al. (2021), Kim et al.
(2024), He et al. (2024), and Gong et al. (2022)). In addition, equipment variability—
changing operating conditions, unit-to-unit differences, and non-monotonic or multi-mode

degradation—makes it difficult for a single model to generalise reliably across scenarios
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(Wang et al. (2020), Cheng et al. (2021), Winkel et al. (2023), Tanwar and Raghavan
(2020), and Liu et al. (2024)). These limitation themes recur across multiple studies and
motivate continued attention to data availability, robustness, and generalisation in PdM

research.
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Exploratory Data Analysis

B.1 Evolution of the RUL (Cycles) of all CMAPSS FDO001
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Figure B.1: Evolution of the RUL (Cycles) of all CMAPSS FD001 sensors.
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Figure B.2: Distributions of sensor features in C-MAPSS FDO0O1.
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Implementation and Validation

C.1 Hyperparameter search spaces used for the baseline
models
Table C.1: Hyperparameter search spaces used for the baseline models.
Model Hyperparameter Search Space
MLR, Poly2, - Not tuned
Poly3
Ridge, Lasso | alpha {1073,1072,107%,1,10, 102,103}
ElasticNet alpha {1073,1072,107%, 1,10, 10%}
11_ratio {0.1,0.3,0.5,0.7,0.9}
n_estimators [100, 1000]
max_depth [5, 20]
Random Forest |min_samples_split (2, 20]
min_samples_leaf [1,10]
max_features {sqrt,log2,None}
n_estimators [100, 1000]
max_depth 3, 8]
learning_rate [1072,3 x 1071] (log-scale)
XGBoost subsample (0.6, 1.0]
colsample_bytree [0.6, 1.0]
min_child_weight [1,7]
gamma [0, 5]
n_estimators [100, 1000]
num_leaves [20, 100]
LightGBM learning rate [1072,3 x 1071] (log-scale)
subsample [0.6,1.0]
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CNN

Model Hyperparameter Search Space
colsample_bytree [0.6,1.0]
min_child_samples [5,50]
n_hidden_layers {1,2}
units_layerl {64,128,256}
ANN units_layer?2 {32,64,128}
dropout_rate {0.1,0.2,0.3,0.4,0.5}
learning_rate {10745 x 107%,1072,5 x 1073,1072,5 x
1072}
batch_size {32,64,128,256}
n_recurrent_layers {1,2}
units_layerl {64,128, 256}
RNN units_layer2 {32,64,128}
dropout_rate {0.1,0.2,0.3,0.4,0.5}
learning_rate {10_47 5x107%,1073,5 x 1073,1072,5 x
1072}
batch_size {32,64,128,256}
n_lstm_layers {1,2}
units_layerl {64,128,256}
LSTM units_layer2 {32,64,128}
dropout_rate {0.1,0.2,0.3,0.4,0.5}
learning_rate {10745 x 1074,1073,5 x 1073,1072,5 x
1072}
batch_size {32,64,128,256}
n_gru_layers {1,2}
units_layerl {64,128,256}
GRU units_layer2 {32,64,128}
dropout_rate {0.1,0.2,0.3,0.4,0.5}
learning_rate {10745 x 1074,1073,5 x 1073,1072,5 x
1072}
batch_size {32,64,128,256}
n_bilstm_layers {1,2}
units_layerl {64, 128,256}
BiLSTM units_layer?2 {32,64,128}
dropout_rate {0.1,0.2,0.3,0.4,0.5}
learning_rate {1074,5x 107%,1073,5 x 1073,1072,5 x
1072}
batch_size {32,64,128,256}
n_conv_layers {2,3}
n_filters {32,64,128}
kernel_size {3,5}
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Model Hyperparameter Search Space

dropout_rate {0.1,0.2,0.3,0.4,0.5}

learning_rate {10745 x 107%,1072,5 x 1073,1072,5 x
1072}

batch_size {32,64,128,256}

n_filters {32,64,128}

n_blocks {2,3}

TCN dropout_rate {0.1,0.2,0.3,0.4,0.5}

learning_rate {10745 x 107%,1072,5 x 1073,1072,5 x
10_2}

batch_size {32,64, 128,256}

num_transformer_blocks |{1,2}

d_model {64,128}

num_heads {2,4,8}

Transformer ff_dim {128,256}

dropout_rate {0.1,0.2,0.3,0.4,0.5}

learning_rate {10745 x 1074,1073,5 x 1073,1072,5 x
1072}

batch_size {32,64,128,256}

C.2 C(lassical Regression Baseline Selected Hyperparame-
ters (Grid Search)

Table C.2: Selected best hyperparameters for the classical regression baseline models.

Model Selected Hyperparameters
Multilinear Regression (MLR) | n/a
Lasso Regression alpha = 0.001
Ridge Regression alpha = 0.001
ElasticNet alpha = 0.001
11_ratio =09

C.3 Selected Baseline Hyperparameters from Optuna
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Table C.3: Selected best hyperparameters for the remaining baseline models.

Model

Selected Hyperparameters

Random Forest

n_estimators = 500
max_depth = 20
min_samples_split = 14
min_samples_leaf =3

max_features = sqrt

XGBoost

n_estimators = 966
max_depth =5
learning_rate = 0.010171
subsample = 0.890795
colsample_bytree = 0.823410
min_child_weight =1

gamma = 1.633698

LightGBM

n_estimators = 409
num_leaves = 61
learning_rate = 0.016729
subsample = 0.778232
colsample_bytree = 0.628778

min_child_samples = 12

ANN

n_hidden_layers = 2
units_layerl = 256
units_layer2 = 32
dropout_rate = 0.2
learning_rate = 0.01
batch_size = 128

RNN

n_recurrent_layers =1
units_layerl = 256
units_layer2 = 128
dropout_rate = 0.5
learning_rate = 0.0001
batch_size = 32

LSTM

n_lstm_layers =1
units_layerl = 128
units_layer2 = 64
dropout_rate = 0.1
learning_rate = 0.001
batch_size = 32

BiLSTM

n_bilstm_layers =1
units_layerl = 64
units_layer2 = 32
dropout_rate = 0.5
learning_rate = 0.001
batch_size = 64
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Model Selected Hyperparameters

GRU n_gru_layers =1
units_layerl = 256
units_layer2 = 64
dropout_rate = 0.3
learning_rate = 0.0005
batch_size = 32

CNN n_conv_layers = 2
n_filters = 64
kernel_size =5
dropout_rate = 0.1
learning_rate = 0.0005
batch_size = 128

TCN n_filters = 32
n_blocks = 3
dropout_rate = 0.4
learning_rate = 0.01
batch_size = 32

Transformer num_transformer_blocks = 2

d_model = 128
num_heads = 2
ff_dim = 256
dropout_rate = 0.1
learning_rate = 0.001
batch_size = 256

C.4 Hybrid FE Hyperparameter Search Spaces
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Table C.4: Hyperparameter search spaces used for the hybrid feature extraction models.

Architecture Hyperparameter Search Space
conv_layers {1,2}
filters {32,64, 128}
CNN-GRU
kernel_size {3,5}
pooling {True,False}
num_blocks {1,2,3}
filters {32,64,128}
TCN-GRU
kernel_size {3,5}
dropout {0.1,0.2,0.3}
encoder_layers {1,2}
encoder_units {32,64, 128}
AE-GRU bottleneck_dim {4,8,12}
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Architecture

Hyperparameter

Search Space

activation

{relu}

lambda_recon

{0.01,0.05,0.1}

C.5 Selected Hybrid Feature Extraction Hyperparameters

The selected hybrid feature extraction hyperparameters reported in Table C.5 were ob-

tained using 30 Optuna trials for each architecture, with validation RMSE used as the

tuning objective. For all hybrid models, the GRU prediction backend was kept fixed using
the best Phase 1 GRU configuration (refer to Table C.3 for the selected GRU hyperpa-

rameters).

Table C.5: Selected best hyperparameters for the hybrid feature extraction models.

Architecture Selected Feature Extractor Hyperparameters

CNN-GRU conv_layers =1
filters = 32
kernel_size = 3
pooling = False

TCN-GRU num_blocks = 3
filters = 32
kernel_size =5
dropout = 0.3

AE-GRU encoder_layers = 1
encoder_units = 32
bottleneck_dim = 4
activation = relu
lambda_recon = 0.1




Appendix D

DANN Implementation

D.1 DANN Training Curves.
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Figure D.1: Training curves for GRU-DANN and LSTM-DANN transfer to FD001 with 80
unlabeled target engines. Domain-classifier accuracy is on the left y-axis; source training
RUL MAE and target validation RUL MAE (cycles) are on the right y-axis. The dashed

grey line indicates chance domain accuracy (0.5); the green dashed line shows the selected

epoch (minimum validation RUL loss).
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Figure D.2: Training curves for GRU-DANN and LSTM-DANN transfer to FD001 with 40
unlabeled target engines. Domain-classifier accuracy is on the left y-axis; source training
RUL MAE and target validation RUL MAE (cycles) are on the right y-axis. The dashed
grey line indicates chance domain accuracy (0.5); the green dashed line shows the selected

epoch (minimum validation RUL loss).
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—— Train domain accuracy  ----- Selected epoch —— Val RUL MAE (target)

————— Chance level (0.5) —— Train RUL MAE (source)
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Figure D.3: Training curves for GRU-DANN and LSTM-DANN transfer to FD001 with 10
unlabeled target engines. Domain-classifier accuracy is on the left y-axis; source training
RUL MAE and target validation RUL MAE (cycles) are on the right y-axis. The dashed
grey line indicates chance domain accuracy (0.5); the green dashed line shows the selected

epoch (minimum validation RUL loss).
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—— Train domain accuracy  ----- Selected epoch —— Val RUL MAE (target)
————— Chance level (0.5) —— Train RUL MAE (source)
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Figure D.4: Training curves for GRU-DANN and LSTM-DANN transfer to FD00O1 with 5
unlabeled target engines. Domain-classifier accuracy is on the left y-axis; source training
RUL MAE and target validation RUL MAE (cycles) are on the right y-axis. The dashed
grey line indicates chance domain accuracy (0.5); the green dashed line shows the selected

epoch (minimum validation RUL loss).

D.2 DANN Batch Generator Implementation

def create_domain_batches(
source_data,
target_data,
batch_size=512,

oversample_smaller=True

nnn

Create mixed-domain mini-batches for DANN training.

During training, mixed-domain mini-batches are constructed using
this
generator function, which randomly samples from the source and

target
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training sets.

The source samples retain their RUL labels for supervised learning,
while

the target samples are treated as unlabelled in the DANN setting.
Therefore,

target samples are assigned dummy RUL labels with zero sample
weights so

that they do not contribute to the RUL prediction loss.

Domain labels are assigned to all samples:
0 = source domain

1 = target domain

A1l source and target samples contribute to the domain-

classification loss.

nnn

X_source source_data['X_train']

y_source source_datal['y_train']

X_target = target_datal'X_train']

n_source = len(X_source)

n_target = len(X_target)

# Calculate the number of batches in the source and target training
sets.
# The maximum is used so that the smaller dataset can be reused
when
# constructing the same number of batches as the larger dataset.
n_batches_source = int(math.ceil(n_source / batch_size))
n_batches_target = int(math.ceil(n_target / batch_size))

n_batches = max(n_batches_source, n_batches_target)

print (f"\nBatch configuration:")

print (f" Source: {n_source} samples -> {n_batches_source} batches"
)

print (f" Target: {n_target} samples -> {n_batches_target} batches"
)

print (f" Total batches per epoch: {n_batchesl}")

print (f" Batch size: {batch_sizel}")

while True:

# Randomly shuffle the source and target training indices at
the start
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49 # of each generator cycle, so that mini-batches are randomly
sampled

50 # from both domains.

51 source_indices = np.random.permutation(n_source)

52 target_indices = np.random.permutation(n_target)

53

54 for batch_idx in range(n_batches):

55

56 # Source-domain batch

57 # Select a mini-batch from the source training set. The

source domain

58 # provides both the input windows and the corresponding RUL
labels.

59 start_source = (batch_idx * batch_size) % n_source

60 end_source = min(start_source + batch_size, n_source)

61

62 if end_source - start_source < batch_size and

oversample_smaller:

63 # Oversampling is applied where necessary by wrapping
around to

64 # the beginning of the shuffled indices. This allows
the smaller

65 # dataset to be reused when constructing the same

number of

66 # batches as the larger dataset.

67 indices_source = np.concatenate ([

68 source_indices[start_source:],

69 source_indices[:batch_size - (n_source -

start_source)]

70 D)

71 else:

72 indices_source = source_indices[start_source:end_source
]

73

74 X _source_batch = X_sourcel[indices_source]

75 y_source_batch = y_source[indices_source]

77 # Target-domain batch

78 # Select a mini-batch from the target training set. In the
DANN

79 # setting used here, the target samples are treated as
unlabelled

80 # for the RUL prediction task.

81 start_target = (batch_idx * batch_size) % n_target

82 end_target = min(start_target + batch_size, n_target)

83
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if end_target - start_target < batch_size and
oversample_smaller:
# Oversampling is applied where necessary by wrapping
around to
# the beginning of the shuffled indices. This balances
the
# number of source and target batches used during
training.
indices_target = np.concatenate ([
target_indices[start_target:],
target_indices[:batch_size - (n_target -
start_target)]
D
else:
indices_target = target_indices[start_target:end_target

]
X_target_batch = X_target[indices_target]

# Mixed-domain mini-batch

# Construct a mixed batch containing both source-domain and
# target-domain samples.

X_batch = np.concatenate ([X_source_batch, X_target_batchl],

axis=0)

# RUL labels

# The source samples retain their true RUL labels for
supervised

# learning. Since Keras expects a target array for each
model output

# with the same batch dimension, the target-domain samples
are

# assigned dummy RUL labels.

y_rul_batch = np.concatenate ([
y_source_batch,
np.zeros (len(X_target_batch), dtype=np.float32)

D

# Domain labels

# Each sample is assigned a domain label for the domain
classifier:

# 0 denotes the source domain and 1 denotes the target
domain.

y_domain_batch = np.concatenate ([
np.zeros (len(X_source_batch), dtype=np.float32),
np.ones (len(X_target_batch), dtype=np.float32)

D
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+*

RUL sample weights

+*+

The dummy RUL labels assigned to the target samples are
given zero

# sample weights. This ensures that target-domain samples
do not

# contribute to the RUL prediction loss.

sample_weights_rul = np.concatenate([
np.ones (len(X_source_batch), dtype=np.float32),
np.zeros (len(X_target_batch), dtype=np.float32)

D

# Domain sample weights

# All source and target samples contribute to the domain-
classification

# loss, since both domains are required for adversarial
domain learning.

sample_weights_domain = np.ones(len(X_batch), dtype=np.

float32)
yield (

X_batch,

{
'rul_output': y_rul_batch,
'"domain_output': y_domain_batch

3,

{
'rul_output': sample_weights_rul,
'"domain_output': sample_weights_domain

}

)

Listing D.1: Mixed-domain mini-batch generator used for DANN training.

D.3 Build DANN Model

from tensorflow import keras
from gradient_reversal import GradientReversallayer #This is a custom

script that implements the Gradient Reversal Layer

def build_costa_dann(input_shape=(30, 14), lstm_units=(64,),
lstm_dropout=0.1,
feature_units=64, rul_units=(32,), rul_dropout
=0.0,

domain_units=(16, 16), domain_dropout=0.1,




-~

9

10

11

12

38

39

40

APPENDIX D. DANN IMPLEMENTATION

12_reg=0.01, lambda_adversarial=1.0):
nnn
Build DANN model with three main components:
1. Shared LSTM feature extractor
2. RUL predictor branch

3. Domain classifier branch with gradient reversal layer (GRL)

Reference: Costa et al. (2020)

nnn

regularizer = keras.regularizers.12(1l2_reg)
# =========================================
# 1. SHARED LSTM FEATURE EXTRACTOR

# ========================================

# Processes windowed sensor data from both domains
# Learns domain-invariant representations through adversarial

training

input_layer = keras.layers.Input(shape=input_shape, name='

sensor_input')

# LSTM layer(s) - configuration dependent on source-target pair
x = input_layer
for i, units in enumerate(lstm_units):
return_sequences = (i < len(lstm_units) - 1)
x = keras.layers.LSTM(
units=units,
dropout=1stm_dropout,
return_sequences=return_sequences,
kernel_regularizer=regularizer,

name=f 'lstm_layer_ {i+1}'

) (%)

lstm_out = x

# Feature extractor layer - creates shared domain-invariant
features

features = keras.layers.Dense(

units=feature_units,
activation='relu',
kernel_regularizer=regularizer,
name="'feature_extractor'

) (1stm_out)
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# Predicts RUL using SOURCE domain labels only
# Loss: Mean Absolute Error (MAE)

rul_hidden = features
for i, units in enumerate(rul_units):
rul_hidden = keras.layers.Dense(
units=units,
activation='relu',
kernel_regularizer=regularizer,
name=f'rul_hidden_{i+1}'
) (rul_hidden)
if rul_dropout > 0.0:
rul_hidden = keras.layers.Dropout (
rul_dropout, name=f'rul_dropout_{i+1}'
) (rul_hidden)

# RUL output - linear activation for regression
rul_output = keras.layers.Dense(
units=1,

activation="'linear',
kernel_regularizer=regularizer,
name='rul_output'

) (rul_hidden)

# GRL reverses gradients (multiplies by -) during backpropagation
# Forces feature extractor to learn domain-invariant
representations

# Uses BOTH source and target domain samples

# Gradient Reversal Layer

grl_features = GradientReversalLayer (
lambda_=lambda_adversarial,
name='gradient_reversal'

) (features)

# Domain classifier hidden layers
domain_hidden = grl_features
for i, units in enumerate(domain_units):
domain_hidden = keras.layers.Dense(
units=units,
activation='relu',
kernel_regularizer=regularizer,
name=f 'domain_hidden_{i+1}'
) (domain_hidden)

252
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97 domain_hidden = keras.layers.Dropout (

98 domain_dropout, name=f'domain_dropout_{i+1}'

99 ) (domain_hidden)

100

101 # Domain output as in the study sigmoid for binary classification

is used(source=0, target=1)

102 # Loss: Binary Cross-Entropy

103 domain_output = keras.layers.Dense(
104 units=1,

105 activation='sigmoid',

106 kernel_regularizer=regularizer,

107 name='domain_output'

108 ) (domain_hidden)

109

110 # ========================

111 # MULTI-OUTPUT MODEL

112 # ========================

113 # The model has two outputs; RUL prediction and the domain

classification

115 model = keras.Model(

116 inputs=input_layer,

117 outputs=[rul_output, domain_output],
118 name="'Costa_DANN'

119 )

120

121 return model

Listing D.2: Mixed-domain mini-batch generator used for DANN training.

D.4 The Gradient Reversal Layer

nnn

2 |Gradient Reversal Layer (GRL) Implementation

w

Based on Ganin et al. 2016 - Domain-Adversarial Training of Neural

Networks

w

This layer acts as an identity function during forward pass,
6 |but reverses the gradient sign during backpropagation (multiplies by -
lambda) .

nnn

9 | import tensorflow as tf

10 |from tensorflow import keras
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#ttps://www.tensorflow.org/api_docs/python/tf/custom_gradient
@tf.custom_gradient #this is a tensrflow function enablesus to define
how we want the gradient to be computed

def gradient_reversal(x, lambda_):

nnn

Gradient reversal function.

Forward pass: y = x (identity)
Backward pass: dy/dx = -lambda * grad

def grad(dy):
return -lambda_ * dy, None

return x, grad

class GradientReversalLayer (keras.layers.Layer):

Gradient Reversal Layer (GRL).

This layer implements the gradient reversal operation as described
inGanin et al. (2016)
During forward propergation the output is the same as the input
however in back propergation the sign
is flipped by multiplying lamda with -1. This essentially flips the
gradient. Through this adversarial training takes place by
having an objective of the domain clasifier set to minimise the

loss while having the feature extractor minimising the loss.

#define lamda
def __init__(self, lambda_=1.0, **kwargs):

super (GradientReversallayer, self).__init__ (**kwargs) #parent

class to make sure it behaves like normal keras layer

self.lambda_ = lambda_

#this is the forward pass with the gradient reversal
def call(self, x):

return gradient_reversal(x, self.lambda_)
#this is the serialization of the layer which so thatthe layer can

be saved

def get_config(self):
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"""Enable serialization."""
config = super(GradientReversallayer, self).get_config()

config.update({'lambda_': self.lambda_})

return config

255

Listing D.3: Mixed-domain mini-batch generator used for DANN training.
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