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ABSTRACT

Systems and machines undergo various failure modes that result in their health

degradation, so maintenance actions are required to restore them back to a state

where they can perform their expected functions. Machine health degradation is in-

evitable, and so is the maintenance cost associated with it. However, with proper

maintenance plans, maintenance costs can be reduced, machine life can be extended,

and ultimately we can ensure workplace safety.

The field of prognostics is vital to systems health management and proper mainte-

nance planning. A reliable estimation of the remaining useful life (RUL) of machines

holds the potential for substantial cost savings.

Data-driven methods for predictive maintenance have been recognized as one of the

most promising maintenance strategies because of their high efficiency and low cost

compared to other strategies.

This work uses a sequential approach through experimentation to investigate the

two main machine-learning-based methods for remaining useful life prediction, the

similarity-based and direct-approximation methods. Drawing insights from existing

works in the literature, the two stages of development of a similarity-based model

(SBM) were optimized resulting in the development of improved similarity-based

models using supervised and unsupervised machine learning methods for the health

index construction. Ultimately, this work proposes a novel remaining useful life es-

timation model that leverages the concept of Large Language Models (LLMs) for

more efficient time series data representation learning and prediction applied to the

remaining useful life prediction use case. The experimental results indicate that the

proposed Encoder-Transformer architecture outperforms the existing state-of-the-art

models.

Other highlights of this work include the bottom-up experimental approach taken

to select the best methods and make improvements. The benefits of this approach

can be seen from the improved remaining useful life prediction models developed in

this work compared to their other counterparts in the literature and the insights this

work provides. In this work, ten separate machine-learning models were developed,

trained, and tuned for experimentation purposes.
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To summarize, three improved RUL prediction models: an Encoder-Transformer

direct-approximation-based model, an Improved Unsupervised Learning-based Similarity-

based model with Principal Component Analysis (PCA), and a Transformer-Assisted

Similarity-based model were developed in this work. These models rank first, second,

and fourth best amongst the twelve state-of-the-art models they were compared in

the literature.
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LAY SUMMARY

The degradation of machines, especially when they are in use is inevitable and so

is the need for maintenance or replacement. Just like the light bulbs in our homes,

after a while, they fail and we need to replace them. For less critical components

like light bulbs, the run-to-failure maintenance strategy is preferred because the cost

of replacement and safety implications are reduced. On the other hand, imagine the

turbo engine of an airplane fails abruptly, it can have catastrophic financial and safety

implications. So for more critical machines, it is important that we use preventive

maintenance strategies.

Reliable prediction of when an intervention (maintenance or replacement) is re-

quired on a machine can serve as a decision-support tool for maintenance planners to

develop efficient plans, reduce maintenance costs and ensure the safety of lives and

properties. Machine learning models possess remarkably potent predictive capabili-

ties so this work uses them to predict the remaining useful life of machines.

In recent times, a sub-field of machine learning, generative AI has made ground-

breaking achievements in the field of Natural Language Processing leading to the

development of intelligent chatbots like ChatGPT. These intelligent language models

make use of a very powerful architecture known as transformers. In this work, we

transfer knowledge from the domain of Large Language Models (LLMs) to the time

series data domain for machine and component prognostics use cases.
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PREFACE

The works documented in two publications have contributed to this thesis. The re-

search was conducted under the supervision of Dr. Najjaran in the Advanced Control

and Intelligent Systems (ACIS) Laboratory at the University of Victoria in partner-

ship with NTWIST Inc., Canada supported by the Natural Sciences and Engineering

Research Council (NSERC) Canada Alliance Grant ALLRP 555220 – 20.

Specifically, the two research publications and their research contributions include

the following.

Ogunfowora O, Najjaran H. Reinforcement and deep reinforcement

learning-based solutions for machine maintenance planning, scheduling

policies, and optimization. Journal of Manufacturing Systems. 2023 Oct

1;70:244-63.

The motivation to develop robust and efficient remaining useful life prediction

models for better state representations in reinforcement learning-based maintenance

planners stemmed from a gap pointed out in a literature review on Reinforcement

and Deep Reinforcement Learning-based Solutions for Machine Maintenance Plan-

ning, Scheduling Policies, and Optimization that was conducted by the author of this

thesis under the supervision of Dr. Homayoun Najjaran.

The author of this thesis was responsible for the conceptualization, formal analysis,

investigation, data curation, visualization, the writing of the original draft, review,

and editing of this manuscript. The manuscript has been submitted to the Journal

of Manufacturing Systems and it is in the final stages of revision. Parts of this pub-

lication were reproduced in the motivation section in chapter 1.

Ogunfowora O, Najjaran H. A Transformer-based Framework For Multi-

variate Time Series: A Remaining Useful Life Prediction Use Case. arXiv

preprint arXiv:2308.09884. 2023 Aug 19.

Inspired by the recent developments in the generative AI sub-field of deep learning,

the author of this work adopts the transformer models used for the development of

Intelligent chatbots like ChatGPT and Bard for better time series prediction and rep-

resentation learning. This work was conducted under the supervision of Dr Homayoun
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Najjaran and the publication is under review.

The author of this thesis was also responsible for the conceptualization, formal anal-

ysis, investigation, data curation, visualization, the writing of the original draft, re-

view, and editing of this manuscript. The first model developed in this manuscript;

the one-stage prediction task applied to the remaining useful life prediction of aircraft

turbo-engines use case was reproduced in chapter 4 of this thesis.



Chapter 1

Introduction

1.1 Background

Maintenance activities take up 15%-40% of the total production costs in factories

[67]. Machines/assets undergo various failure modes that result in machine health

degradation, affect performance, and eventually cause failure. Degradation of ma-

chines whether under working or non-working conditions is inevitable and so is the

need for maintenance.

Maintenance, as defined by [17], is a set of activities used to restore an item to a

state in which it can perform its designated functions. Proper maintenance actions

help to reduce machine failures, improve their reliability, and reduce the maintenance

and production costs associated with unplanned downtime of machines. While the

cost associated with maintenance activities cannot be totally eliminated, a proper

maintenance plan can help to minimize these costs.

The maintenance planning and scheduling problem just like most planning prob-

lems is an optimization problem with the aim of developing efficient maintenance

policies and adequately allocating maintenance resources and tasks to the geospatial

problem. As earlier mentioned, maintenance of machines is inevitable and that is

why effective maintenance planning is paramount to ensure high asset availability

with minimum cost. For most industries to remain competitive, they cannot afford

the short or long-term costs and effects associated with inadequate planning of pro-

duction and maintenance activities which can result in not meeting customer demands

and loss of sales. Developing proper maintenance policies helps to reduce the costs as-
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sociated with planned and unplanned downtime of machines and maintenance costs.

The field of prognostics is vital to systems health management and proper mainte-

nance planning. The reliable estimation of remaining useful life (RUL) holds the

potential for substantial cost savings. This includes avoiding unscheduled mainte-

nance and maximizing equipment usage, serving as decision-support systems (DSS)

by providing decision-makers valuable information about the condition of the machine

and helping them to plan accordingly. For instance, this can inform their decision

to reduce the operational loads on the machines in order to extend their life span,

these estimations can also enable planners to anticipate upcoming maintenance needs

and initiate a seamless logistics process, facilitating a smooth transition from faulty

equipment to fully functional ones.

Maintenance strategies are broadly classified into two categories: corrective main-

tenance (CM) and preventive maintenance (PM). The corrective maintenance can

also be referred to as breakdown maintenance, this strategy adopts the run-to-failure

approach; maintenance is only performed after machine failures, it is a reactive strat-

egy. Usually, when machines fail under this policy, a replacement or major overhaul

is required to get the machine back in good condition, and the costs and maintenance

duration associated with corrective maintenance are usually very high. Aside from

the costs associated with maintenance actions, a major drawback of the corrective

maintenance strategy is that it does not provide the decision-makers an opportu-

nity to plan the maintenance actions. Machine failures happen abruptly and inter-

rupt factory/running operations, which can cause significant losses due to unplanned

downtime and require considerably high maintenance costs and resources for prompt

maintenance actions. It can also cause accidents, for these reasons, the corrective

maintenance policy is not encouraged.

The preventive maintenance strategy, on the other hand, is to proactively shut down

machines for maintenance to reduce failures and enhance the reliability of the ma-

chines. The preventive maintenance strategy can be further divided into two main

categories which are, scheduled and condition-based maintenance.

Scheduled maintenance is a preventive maintenance-based strategy where select main-

tenance activities are carried out at predefined intervals, scheduled maintenance activ-

ities are planned, and they are performed regardless of whether signs of deterioration

or failures are prevalent or not. Even though this policy causes fewer abrupt failures,

it can be very aggressive and eventually result in incurring unnecessary costs such as
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maintenance resource costs, and spare part costs for machines or assets that are still

in good condition. If the maintenance plans are not optimized, the costs associated

with scheduled maintenance and industry-related costs from interventions will result

in huge losses.

Condition-based maintenance also referred to as predictive maintenance suggests con-

ducting maintenance actions based on some measurements of the machine or asset

prior to failure. Predictive maintenance has been recognized as one of the most

promising maintenance strategies because of its high efficiency and low cost compared

to other strategies [64]. This approach helps to eliminate the unnecessary mainte-

nance costs incurred in the scheduled maintenance approach while significantly reduc-

ing unscheduled breakdowns because the maintenance decisions are made based on

the changing, real-time machine health conditions. Numerous works have been done

in literature to harness the capabilities of machine-learning-based predictive models

to accurately predict machine failures and make diagnoses of the failure types.

As emphasized in [10], there is a fast-growing demand for Intelligent Manufacturing

Execution Systems (IMES) and one of the key functionalities of an Industry 4.0-ready

MES is an intelligent maintenance planner and scheduler. By having a reliable RUL

prediction model, smart maintenance planners can be developed, recent maintenance

optimization research uses Artificial Intelligence (AI) to plan and schedule mainte-

nance actions.

Reinforcement learning (RL) is a data-driven optimization algorithm that can be

used to develop effective maintenance policies and there has been an upsurge in the

application of RL to plan maintenance in the literature in recent years.

Reinforcement Learning is one of the three (3) main paradigms of machine learn-

ing, the others being supervised and unsupervised learning. Contrary to the other

paradigms; it adopts a trial-and-error method to make decisions. The Markov state

model forms a basis for the formulation of the RL paradigm that follows the notion

that the available information about the current state is sufficient to predict the next

state. It is based on the hypothesis that the accumulation of rewards through learn-

ing to take a sequence of optimal actions at every state in an environment is the

maximization of the expected cumulative reward [42].

Figure 1.1 shows the number of RL and Deep RL (DRL) based maintenance plan-

ning and optimization publications per year over the past thirteen years, the yearly

analysis shows an evident upsurge in the use of RL and DRL for maintenance plan-
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Figure 1.1: Relevant Publications/year

ning tasks between the years 2019 to 2023. There has been over an 80% increase

in the number of RL and DRL-based publications for maintenance planning in the

literature. This increase in the use of RL for maintenance planning is due to the

increase in offline and real-time data from Internet of Things (IoT) devices and the

high computing power that drives machine learning algorithms.

Reinforcement learning application to the maintenance planning problem introduces

an efficient and smooth transition between data-driven, condition-based maintenance

predictive models and maintenance optimization models. Reinforcement learning

methods use a synergistic approach to combine the condition-based maintenance ob-

jective and the maintenance optimization objective(s) into a single problem formula-

tion. So a condition-based maintenance planner is a combination of condition-based

maintenance and maintenance optimization.

1.2 Motivation

At the beginning of this study, a literature review on RL and DRL-based Solutions for

Machine Maintenance Planning, Scheduling Policies, and Optimization was conducted

[42]. This literature review focused on the methodologies, findings, and well-defined

interpretations of the reviewed studies while finding common ideas and concepts,

identifying methodological problems, and pointing out the research gaps. It drew
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insights from existing literature and defined some areas of future work.

One of the major gaps pointed out in this literature review was regarding the machine

state representations. The translation of the maintenance planning problem formu-

lation into the RL framework will involve the definition of the observable states,

allowable actions, reward function, transition probabilities (model-based), or devel-

opment of the simulation environment (model-free) and choosing the RL algorithm.

The RL states are a representation of the environment accessible to the RL agent at

any given instance, these states are constantly changing based on the interaction of

the RL agent with the environment, it is very important for the state captured by the

agent to have enough information required for the agent to learn good policies. For

a condition-based maintenance planner where the agent is required to make optimal

decisions based on the condition of the machines, it is expedient that the machine

condition representations are optimal and truly depict the condition of the machine

at any given time. It was observed from the reviewed publications in Appendix A

that the Markov states can be represented in three major ways.

1. Health indicators: These are usually one-dimensional machine health index pa-

rameters that can be used to represent the condition of the machine. These

representations are based on the single-unit maintenance policies adopted. The

most common policies are age-based and failure-limit policies. The age-based

policy uses the effective age(s) of the components which could be discrete or con-

tinuous state spaces to represent the machine states. The failure limit policies

use the degradation paths of the machines represented by a statistical distribu-

tion for the state space representation.

2. Degradation levels: It was observed in 21% of the publications that in order

to avoid making assumptions about the degradation model and its respective

parameters when data is not available, the Markov discrete state degradation

model is commonly used to represent the machine or asset degradation level, for

instance, [64] used four degradation levels {0, 1,2,3} as the state representation.

Level 0 is referred to as the best functional state and level 3 is the most degraded

state. In [94], the pump states were defined to be between any of the four levels,

{level 1 = No degradation, level 2 = Moderately degraded, level 3 = Severely

degraded, and level 4 = Failed state}.

3. Remaining useful life: The third way of representing the machine states is to use

the remaining useful life estimations of the machines/equipment. As previously
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stated, prognostic information is pivotal to system health management, it gives

explainable information about the decisions the RL agent is making and it is a

preferred option for decision support.

Only 17% of all the reviewed publications modeled the machine degradation path

from actual data while the other 83% of the publications made assumptions about

the degradation paths of the machines based on the state representations they used.

Figure 1.2 shows the percentage of publications and the state representation meth-

ods they used. 53% of the publications assumed that the degradation path of the

Figure 1.2: The percentages of machine state representation methods in the reviewed
publications

machine follows a statistical distribution of their choice, the parameters of these sta-

tistical distributions were also assumed. The data used to train the RL agents were

then drawn from these distributions. The most common statistical distributions used

in the literature are the Gamma, Weibull, Poisson, and exponential distributions.

These assumptions are however not practical for real-world applications, finding the

statistical distribution that accurately represents the degradation path of a machine

is a non-trivial task and they are prone to errors due to the strict assumptions made

about the data. These errors will also affect the decisions of the RL agent. 21%

of the publications used the Markov discrete states as degradation levels under the

assumption that the degradation levels of the machines are known and 9% of the pub-

lications assumed the availability of prognostics and health management capabilities.

12% modeled the degradation path or levels from actual data and the other 5% made
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up of only three of the publications, developed a data-driven RUL prediction model.

This gap in the present research motivated this work. This work aims at using ma-

chine learning to develop efficient RUL prediction models for better machine state

representations.

Scope

Preventive maintenance actions typically involve routine inspection, repairs, and re-

placements. The remaining useful life refers to the estimate of the remaining life

(depending on a pre-defined resolution) that a machine or asset can perform its in-

tended purpose before warranting replacement.

The RUL prediction problem is modeled as the time-to-failure prediction task for ma-

chines. Interventions such as inspection and repairs are not considered in this work,

the degradation or run-to-failure data from a fleet of engines of the same type and

working under similar conditions are used.

1.3 Objectives and Contributions

The objectives of this work are:

1. To categorize the two main machine-learning-based RUL prediction methods in

the literature, using a systematic and sequential approach through experimen-

tation. This includes investigating the reason for these models’ performances

and inadequacies and using these insights to make improvements.

2. To develop an improved similarity-based RUL prediction model through opti-

mization of the developmental stages using a bottom-up approach which in-

volves researching and categorizing existing methods, identifying the commonly

used methods in the literature, and proposing improvements validated through

experimentation.

3. And ultimately, to develop a novel model that extends the application of trans-

former models for more efficient time series data representation learning and

prediction for an RUL prediction use case.

Contributions

1. An improved similarity-based RUL prediction model with a novel RUL fusion

method (the softmax-weighted sum RUL fusion method) is proposed. This
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method was evaluated on the validation dataset and the results were compared

with the results from other most commonly used RUL fusion methods in the

literature. The proposed method resulted in an improved performance. Also,

drawing inspiration from [9], a novel supervised machine learning-based SBM,

the Transformer-Assisted Similarity-based Model is proposed and developed in

this work.

2. A novel direct approximation model, the Encoder-Transformer model based on

the self-attention mechanism, is proposed and developed. This model leverages

Large Language Model (LLM) concepts for more efficient time series data rep-

resentation learning and prediction of remaining useful life. This model was

compared to other state-of-the-art models in the literature and it exceeds all

the models in the literature at the time this work was conducted. This makes

this model the current best model on the benchmark dataset in the literature.

3. Finally, the insights drawn from these experiments are used to propose areas

of improvement for existing similarity-based and direct approximation RUL

prediction models. It also points out the directions of relevant future research.

1.4 Organizational Structure / Workflow

In the literature, the two main ML methods for RUL prediction are similarity-based

and direct approximation methods. This work investigates these two methods to find

common ideas and concepts, identify methodological problems through experimenta-

tion, and use the insights drawn to propose novel and improved methods.

For clarity, Figure 1.3 shows the workflow of the implementation stages of this work.

It shows all the main processes involved in the data pre-processing, similarity-based

model development, and the direct approximation method of RUL prediction per-

formed in this work.

Chapter 1 contains the background, motivation, and contributions of this disserta-

tion followed by an overview of the structure of the document itself.

Chapter 2 contains the literature review, a statement of the claims that are proved

by this dissertation followed by the proposed methods. At the end of Chapter

2, the case study, data pre-processing, and evaluation metrics for this work are

presented.
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Chapter 3 focuses on the similarity-based model. It describes in detail the prob-

lem which is to be tackled and its context. It presents the research question,

the workflow of the chapter for better comprehension, the approach taken, the

algorithms, the experiments conducted, and the experimental results. At the

end of this chapter, the proposed methods are implemented. Finally, the main

points about the similarity-based model are discussed.

Chapter 4 is just like Chapter 3 but it focuses on the direct approximation method.

It describes in detail the problem and its context, it presents the algorithms,

the experiments conducted, and the experimental results. At the end of each

chapter, the proposed methods are implemented.

Chapter 5 presents the results of all the proposed models, it includes the evaluation

of the results on the reference data presented above and the comparisons with

other state-of-the-art models in the literature.

Chapter 6 contains the conclusion, a restatement of the claims, and the areas of

future work.
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Figure 1.3: Implementation workflow
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Chapter 2

Literature Review, Proposed

Methods, and Case Study

2.1 Literature Review

In the presence of large amounts of data, predictive maintenance with machine learn-

ing models holds the capacity to result in significant reductions in costs. There are

two main ML-based approaches for remaining useful life prediction in the literature.

These approaches are the similarity-based and direct approximation methods.

Similarity-based models (SBM) use the similarity in the degradation profile of the

training data; and unique run-to-intervention instances from similar components/machines

under similar operating conditions (ensemble members) to estimate the RUL of the

test component. The two main stages of development of an SBM are the health index

(HI) construction stage and the similarity measurement and RUL fusion stage.

Similarity-based models gained popularity from the first Prognostics and Health

Management competition held in 2008. The winners of the competition, [65] used

a similarity-based model, and ever since researchers have continually found ways to

improve the performance of SBMs. More research efforts have been dedicated to

improving the health index construction stage of the similarity-based model. The

main idea followed by the researchers is to use unsupervised learning approaches (au-

toencoder schemes), to convert the multi-dimensional sensor readings collected from

historical run-to-failure instances to lower dimensions. These lower dimensional rep-

resentations are then used to construct the one-dimensional health index (HI) values
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that reflect the degradation levels of the machine at any given time. The authors of

[82], used a sequence-to-sequence-based model; recurrent neural network-based au-

toencoders were used to construct the health indices. The novelty of this work is in

how the health index representations were derived. The authors proposed an approach

that is capable of dealing with several challenges in data-driven RUL estimation which

includes noisy sensor readings, missing data, and lack of information about the degra-

dation path of the machines. Rather than using the lower dimensional embeddings to

represent the health index, they leveraged the information of when the machines are in

normal working conditions to compute the residuals between the low dimensional em-

beddings outputs of the RNN autoencoder models and the existing set of embeddings

corresponding to normal behaviors. The magnitudes of these residuals are used as

the health indices. Their proposed approach was compared with previously developed

RNN-Autoencoders and they reported better results on the real-world pump datasets.

[82] is a direct extension of the [18] described above. The authors experimented

with different bi-directional recurrent neural network-based autoencoder schemes to

construct the health index. Banking on the idea that compared with standard unidi-

rectional RNNs that use only past information at every hidden state, bi-directional

RNNs (BiRNNs) can use the surrounding contexts by capturing the sequential infor-

mation from the time series in a forward and backward manner. It is expected that

these will improve the reconstruction precision of the RNN-based autoencoder and

thereby lead to improved similarity-based model performance. The authors showed

that using BiRNNs improves the predictive performance of the SBM compared to

uni-direction RNNs by comparing their approach with other approaches that used

uni-directional RNNs and reported improved performance.

Other extensions of this main concept of using unsupervised learning approaches

for health index construction have been developed in the literature. [40] used an

LSTM-Autoencoder for the HI construction, [84] developed an improved version of the

BiRNN-Autoencoders while [79] used a combination of LSTM and convolutional au-

toencoders to learn better lower dimensional embeddings for time series data (LSTM-

CNN-AE).

While most research efforts have been directed toward the HI construction stages,

the RUL fusion stage of SBM development has received attention from only a few re-

searchers. The authors of [57] proposed a self-adaptive RUL fusion method that does
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not rely on expert knowledge and showed that this RUL fusion method’s performance

surpassed the one used in [65] which won the PHM08 competition. This RUL fusion

method is also generalizable to other use cases. The authors of [37] also proposed a

novel similarity measure computation method that combines the Euclidean and co-

sine similarity measures together in order to capture the local distance and spatial

direction similarities.

Even though the similarity-based model won the PHM08 competition, direct ap-

proximation models came in as the first and second runner-ups. So extensive research

has also been done in improving the performance of the direct approximation meth-

ods. Direct approximation methods refer to using machine learning models to directly

predict the remaining useful life of a machine at any time during its life. The ML

models serve as function approximators that learn the relationship between the input

and the target which in this case is the RUL.

More generally, in the direct approximation methods research works, more attention

has been paid to deep learning methods because of their complexity, expressiveness,

and ability to learn non-linear and complex features in data. More particularly convo-

lutional neural networks (CNNs) and recurrent neural networks have shown impressive

results on time series data. In [56] and [30] deep CNNs were used for remaining useful

life prediction, [95] and [63] used a combination of fully connected neural networks

and LSTMs for RUL predictions. Particularly interesting is the RBM-LSTM-FNN

RUL prediction model developed by [13], this model uses a semi-supervised approach

to improve the prediction accuracy. The authors investigated the effect of unsuper-

vised pre-training in RUL predictions utilizing a semi-supervised setup. They also

used a meta-heuristic algorithm, the Genetic Algorithm (GA) approach to tune the

large hyperparameter space.

In sequential data modeling, resulting from the need for very long sequences in

the fields of Natural Language Processing (NLP) and Large Language Models (LLMs)

development, a common challenge encountered is the problem of long-term dependen-

cies. As the input data sequence lengths increase, all the problems associated with

training very deep neural networks like vanishing or exploding gradients which leads

to non-convergence come to play. Attention-based networks that use attention mech-

anisms were introduced to improve the performance of sequence-to-sequence models

like RNNs. The attention mechanisms gave rise to the self-attention mechanism which
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is the fundamental building block of a transformer network.

Since time series data can be modeled as sequential data, researchers have also

adopted attention-based and transformer networks for RUL prediction and these mod-

els have shown tremendous capabilities. The authors of [89] proposed a bi-directional

gated recurrent unit with a temporal self-attention mechanism for RUL prediction.

In [41] a transformer encoder architecture with a gated convolutional unit was devel-

oped to extract the local features and the encoder transformer to extract the global

features. [35] used an encoder-decoder transformer network with CNN-based channel

attention for feature extraction.

2.2 Proposed Methods

In an effort to develop improved RUL prediction models, Four claims were made and

validated in this thesis.

1. In this work, a claim that a better RUL fusion method will improve the perfor-

mance of the similarity-based model was raised. This is a qualitative claim and

it will be validated through experiments. A novel RUL fusion method named

the softmax-weighted RUL fusion method was developed in this work.

2. For the unsupervised learning approach of similarity-based model development,

a claim that the complexities of the unsupervised learning models do not di-

rectly translate to better-performing similarity-based models was raised. This

is also a qualitative claim and it will be validated through experiment.

As a proof of concept, an unsupervised learning approach based on Princi-

pal Component Analysis (PCA) was developed and combined with the novel

softmax-weighted RUL fusion. The results were evaluated on the test set

and compared to other unsupervised learning approaches in the literature and

a highly competitive performance over its counterparts in the literature was

achieved.

3. A claim that a supervised learning-based health index construction method can

achieve as much performance as the unsupervised learning counterparts was

also raised. A research question, Is the performance of the supervised learning-

based HI construction method for an SBM dependent on how well the machine
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learning model can approximate the HI values on unseen datasets? was used to

validate this claim through experimentation.

Also, for a proof of concept, a novel supervised learning approach for health

index construction was proposed, the Transformer-Assisted SBM. This model

was developed, evaluated, and compared with other models in the literature.

4. Finally, an encoder-transformer architecture was developed for RUL prediction.

The results of this model on the reference dataset were compared with other

state-of-the-art models in the literature and the model resulted in outstanding

performance.

2.3 Case study and Data Pre-processing

Turbofan Engine Degradation Simulation datasets.

The turbofan engine degradation simulation dataset is one of the datasets on the

NASA Prognostics Center of Excellence dataset Repository. This dataset was gen-

erated in 2008 in an effort to further research in the field of prognostics and health

management by addressing the issue of the lack of common benchmark datasets that

researchers can use to compare their approaches.

These datasets were generated using the Commercial Modular Aero-Propulsion Sys-

tem Simulation (C-MAPSS). The CMAPPS is a tool hosted on MATLAB and Simulink

for simulating realistic large commercial turbofan engines. Four different sets {FD001,

FD002, FD003, FD004} were simulated under different combinations of operational

conditions and fault modes. These datasets are the degradation data of an aircraft

turbo engine and were provided as training and test datasets to the competitors in the

first prognostics challenge competition at the International Conference on Prognostics

and Health Management (PHM08). The challenge is still open for the researchers to

develop and compare their efforts against the winners of the challenge in 2008.

In this work, the FD002 dataset is chosen as the use case. The dataset is multi-

variate, 26-dimensional data from a fleet of engines of the same type, working under

similar conditions. There are three operational settings that have a substantial effect

on engine performance. Each engine starts with different degrees of initial wear and

manufacturing variation which is unknown to the user. This wear and variation is

considered normal, i.e., it is not considered a fault condition. The 26-dimensional

data consists of the operational settings as the first three dimensions of the dataset,
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21 sensor information, and the unit ID and time cycle information are contained in

the remaining two dimensions. There are 260 train trajectories and 259 test trajec-

tories in the FD002 dataset.

Feature Extraction

Due to the different operational settings and the sensor values calibrations, the degra-

dation trends in the data are not obvious. Figure 2.1 are the plots of run-to-failure

from 5 fleets of engines for sensors 4 and 14 chosen at random and there are no clear

trends showing the degradation paths of the machines. Clustering and normalization

techniques are used to show these trends. For every run-to-failure machine instance,

(a) Run-to-failure plots of first 5 ensem-
ble members for sensor 4

(b) Run-to-failure plots of first 5 ensem-
ble members for sensor 14

Figure 2.1: Run-to-failure plots before feature extraction.

the operating conditions are clustered using the k-means clustering algorithm. The

greedy k-means algorithm in the sci-kit-learn library was used to find the best num-

ber of clusters that resulted in the lowest cost and 6 clusters or modes of operations

were found. The multi-dimensional sensor data for each time step are grouped by

the clusters their corresponding operational settings belong to, these sensors are then

normalized by clusters. The standardization feature scaling method was used, the

mean and standard of each dimension in a cluster or group are used to normalize

the sensor values belonging to that cluster by subtracting the mean and dividing it

by the standard deviation. Figure 2.2 are the plots of run-to-failure from 5 fleets of

engines for sensors 4 and 14 after clustering and normalization, now the degradation

trends are more obvious. Sensor 4 has a linear upward trend and sensor 14 has an

exponential upward trend.
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(a) Run-to-failure plots of first 5 ensem-
ble members for sensor 4

(b) Run-to-failure plots of first 5 ensem-
ble members for sensor 14

Figure 2.2: Run-to-failure plots after feature extraction.

Feature Selection

After the working regimen clustering and normalization processes above, further data

analysis was performed to select relevant sensors that give significant degradation in-

formation about the machines. It was observed that sensors 1,5,10,16,18 and 19 show

no trends or irregular trends so they were not used. Also, correlation analysis shows

that these sensors that show irregular trends are more correlated with the operating

conditions than other sensors. They were uncorrelated with other sensors and highly

correlated with themselves. More generally, these sensors also have very low correla-

tions to the remaining useful life of the machines, unlike the other sensors that have

obvious increasing or decreasing trends from run to failure.

Hence in this work, the data from the other 15 sensors were used to train the proposed

model(s) and predict the remaining useful life. The sensors used in this work also

follow the selected sensors in other studies in the literature [[30], [35], [74]].

Train-Validation Split

The 80-20 train-validation split was used. 80% of the dataset was used for training

and the remaining 20% for cross-validation. After the hyper-parameters had been

chosen, the entire training set was then used to train the final model(s), and the

results were evaluated on the test dataset with 259 trajectories.
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Figure 2.3: Graphical representation of the scoring function and RMSE

2.4 Evaluation Metrics

Two evaluation metrics are used in this work to evaluate the performance of the

encoder transformer model against other state-of-the-art methods. The root mean

square error (RMSE) and the scoring metric specifically developed for this dataset in

the Prognostics and Health Management (PHM08) competition are used.

The RMSE can be expressed as follows:√√√√ D∑
i=1

(y − yi)2 (2.1)

where yi and y are the predicted and true RUL values respectively and N represents

the number of test samples.

The scoring function proposed in the PHM08 data competition penalizes late predic-

tions more (i.e., the estimated RUL is greater than the true RUL). In the prognostic’s

context, the main idea is to avoid failures, it is more desirable to predict early rather

than later because if the machine is predicted to fail later than when it fails, costs

related to unplanned maintenance actions which are usually greater than planned

maintenance costs will be incurred. But if the machine fails later than it was pre-

dicted to fail, the facility would already have maintenance plans in place. Therefore,
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the scoring algorithm for this challenge was asymmetric around the true time of fail-

ure such that late predictions were more heavily penalized than early predictions. In

either case, the penalty grows exponentially with increasing errors between the true

and predicted RULs. The asymmetric preference is controlled by parameters a1 and

a2 in the scoring function given in equation 2.2 and Figure 2.3 show the score and

the RMSE functions as a function of the error. Compared to the score function, the

RMSE score grows linearly with increasing errors between the true and predicted

RULs.

s =


∑n

i=1 e
−( d

a1
) − 1 for d < 0∑n

i=1 e
( d
a2

) − 1 for d ≥ 0
(2.2)

where, s is the computed score,

n is the number of machine instances,

d = Estimated RUL - True RUL,

a1 = 10, a2, = 13.
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Chapter 3

Similarity-Based Models

The two main stages of development of a similarity-based model (SBM) are the health

index construction and the remaining useful life (RUL) fusion stages. Figure 3.1

shows the development framework for similarity-based models, it also highlights all

the methods involved in every stage. This work aims at developing an improved

similarity-based model for RUL prediction by building upon existing knowledge and

making improvements.

To achieve this, the approach of optimizing every stage of the development process

is taken. This involves identifying the well-established and commonly used meth-

ods in the literature, analyzing the performance and shortcomings of these methods

through a well-defined experimentation process, and drawing insights from the anal-

ysis to make improvements at every stage of development.

In section 3.1, the main stages of the SBM development process are discussed

while presenting the most common methods in the literature. The base model is also

introduced and developed in this section. The base model was developed mainly for

tuning and selecting the best methods and hyperparameters to optimize the second

stage of the SBM development process. In this work, the second stage, the similar-

ity measure and RUL fusion stage of the SBM process were chosen to be optimized

first. This is because it is made up of many sub-methods and these sub-methods

can be highly sensitive to the output of the first stage, the HI construction. For an

efficient and unbiased experimentation process, a constant, reliable, and verifiable HI

construction method was developed for the base model, these HI values were then

used to select the best methods for the second stage through experimentation. Asides

from using the best methods across all the sub-stages, a novel RUL fusion method
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was also proposed, developed, and evaluated against other RUL fusion methods in

the literature.

At the end of this section, a new workflow for a similarity-based model using the best

methods was presented, developed and the results were analyzed. Finally, the insights

drawn from these experiments that will inform our decisions in the next sections were

presented.

The two ML-based methods of HI construction, the supervised and unsupervised

learning methods were discussed and optimized in sections 3.2 and 3.3 respectively.

After optimizing the second stage, sections 3.2 and 3.3 focus on optimizing the first

stage of an SBM.

In section 3.2, the supervised learning method was optimized by formulating a re-

search question following the works of [65] that won the PHM08 competition. In Sec-

tion 3.2 the research question, is the performance of the unsupervised learning-based

HI construction method for an SBM dependent on how well the machine learning

model can approximate the HI values on unseen datasets or the expressiveness of the

machine learning model? is answered.

Different ML models with palpable levels of complexities were introduced, developed,

and experimented with to answer this research question. The supervised learning

approach for HI construction has not been explored greatly in the literature, this

work contributes to the literature by using well-defined experiments to investigate

the effectiveness of this method of HI construction by identifying the drawbacks of

this method, providing insights on how it can be improved, and comparing it with its

unsupervised learning counterpart. At the end of this section, a novel and optimized

supervised learning-based HI-constructed SBM was developed. The results were an-

alyzed in the evaluation, analysis, and comparisons chapter of this work.

Section 3.3 follows the same pattern as section 3.2, a research question based on

the trends that have been observed in the literature was raised and the performance of

the SBMs based on the complexities of the unsupervised models was also investigated.

At the end of this section, an optimized unsupervised learning-based HI-constructed

SBM was also developed. The results were analyzed in Chapter 5.

The major highlight of this chapter is the bottom-up experimental approach taken to

experiment and select best the methods. The benefits of this approach can be seen

in the results achieved from the optimized similarity-based models developed when
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compared to their other counterparts in the literature. The insights drawn from the

experiments provide ways to improve existing methods and the research directions

for the future. Another highlight of this work is that ten separate ML models were

developed, trained, and tuned in this work to perform the experiments.

At the end of this section,

1. The methods that resulted in the best performances for the second stage of the

SBM development process are highlighted.

2. A novel RUL fusion method (softmax-weighted RUL fusion method) is

proposed and evaluated against other most commonly used RUL fusion methods

in the literature.

3. The research question, Is the performance of the supervised learning-based HI

construction method for an SBM dependent on how well the machine learning

model can approximate the HI values on unseen datasets/ the expressiveness of

the machine learning model? is answered.

4. Finally, drawing inspiration from [65], a novel supervised machine learning-

based similarity-based model (Transformer-Assisted SBM) is developed.

3.1 General Concepts and the Base Model

The remaining useful life of a component refers to the usage time remaining be-

fore an intervention e.g., repair or replacement is required. Similarity-based models

use the similarity in the degradation profile of the training data; and unique run-

to-intervention instances from similar components/machines under similar operating

conditions (ensemble members) to estimate the RUL of the test component.

The most used similarity-based model in literature is the residual similarity model.

Generally, the historical data of run-to-intervention of a component from different

unique instances operated under the same conditions fit with a model of identical

structure. The degradation data from the test component is then used to compute

the residuals between each component/ensemble member, and the test data. The

magnitude of these residuals indicates how similar the test component is to the cor-

responding ensemble members.

There are so many factors involved in the development of SBM models. To give
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Figure 3.1: The framework of a similarity-based RUL prediction method

this section a smooth and logical flow; the underlying concepts in each stage of the

development of a similarity-based model are captured in the underlying concepts sub-

section of section 3.1.

The main factor that differentiates one SBM model from the other is the health in-

dex construction method applied. There are two machine learning-based health index

construction methods; supervised and unsupervised learning methods. In this work,

a base model is developed. This model serves two main purposes. It serves as a

benchmark to validate the performance of the SBM models developed in this work.

Secondly, it is used for tuning and selecting the best methods and hyperparameters

for the similarity measure and RUL fusion stages.

Since the distinguishing factor of SBM models is the HI construction method, it is rea-

sonable to use a näıve base model to tune the second stage of the SBM development

process. The health index construction method used in the base model is distinct;

known RUL values from the validation set are used to construct the health index for

the base model inspired by the work of [65]. Simply put, after the base model develop-

ment process, the best methods and hyperparameters for the similarity measure and

RUL fusion stages of an SBM model are tuned, chosen, and kept constant. Different

health index construction methods were then developed, validated, and strategically
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eliminated while drawing insights from the shortcomings of the previous methods to

make improvements in subsequent methods.

3.1.1 A Similarity-based Model Underlying Concepts

The Health Index Construction Development Stage.

Health index construction is the process of finding meaningful low-dimensional (usu-

ally one-dimensional) representations of the multi-variate time-series data at any time,

t. This low-dimensional representation, usually a single value is referred to as the

health index or health indicator that describes the state of a component/machine at

any time during the operation. These health indices or indicators can be used to

monitor the condition of machines in real-time.

The HI should reflect the degree of degradation or current condition of the com-

ponent/machine, and it is used as a basis for comparison between the degradation

profiles of the train datasets and the test component. The health index construc-

tion stage can simply be referred to as a multi-dimensional sensor fusion process.

Traditional sensor fusion techniques like the Kalman Filter can also be adopted but

this work explores ML-based sensor fusion techniques, so, only ML-based methods

are considered. ML-based HI construction methods as earlier mentioned are either

supervised or unsupervised learning methods.

The Supervised Learning Method

The supervised learning method is inspired by [65]. In this method, the health index

is generated by using a fixed set of intuitive rules and assigned to the training samples

across all the ensemble members. In [65], the health index was a representation of

the machine’s condition based on how long it operated before failure. A linear model

was used to represent the condition of the machines.

All the run-to-failure data was assumed to start with a good health condition. The

health condition at the beginning is assigned a value of 1 and the health condition at

failure is assigned a value of 0. The health condition was assumed to linearly degrade

from 1 to 0 over time. This linear degradation can be referred to as a single-value

and fused representation of the multi-dimensional sensor values over time.

This health index can be computed as follows:

For any given ensemble member i at the time t,
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HIi(t) = ruli(t)/max ruli (3.1)

where, HIi(t) is the health index for ensemble unit (i) at time t, ruli(t) is the re-

maining useful life of ensemble unit (i) at time t, and max ruli is the total life span

of ensemble unit (i).

While this method of health index construction might seem simple, it is very

intuitive and applies well to the problem in consideration. Recall that the main

premise is to find a single value representation of the degradation levels of the com-

ponents/machines at any given time for all the ensemble members, this linear degra-

dation model does this. It uses the survival duration of each machine to influence the

health index generation process and shows the degradation degrees. If a machine has

a short or long survival duration, it still passes through all these stages of failure and

can be compared to another machine.

Figure 3.2 shows the health index values of some ensemble members constructed with

the linear degradation model. It shows how the degradation rates change linearly

from one ensemble member to another based on the survival duration of the machine

or ensemble member. This health index construction method since it was introduced

Figure 3.2: An image of the health condition of some ensemble members changing
from 1 to 0 with varying degrading speeds.

by [8] has since been used, adapted, and improved continuously in literature. The

shortcoming of this method however is that the health index computation method
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requires the max RUL which is equivalent to the survival duration of the machine.

Recall, however, that, this is what we are trying to find, if we know the survival

duration of the machine then we do not need to develop an RUL estimation or pre-

diction model for the test components/machines. To address the issue, a supervised

learning ML model is used to learn the relationship between the multi-dimensional

sensor values and the target which is the manually constructed HI with the linear

degradation model.

The idea is to develop an ML model that takes the multi-dimensional sensor values

from the train datasets as inputs, use the constructed health indicators (which can

be easily generated for the training datasets because the survival duration is known)

as the targets, and learn to predict the health index on unseen datasets (test data).

Subsequently, the health indices that will be used for the similarity-based model will

not be the ones constructed from the linear degradation model, instead, the trained

ML model will be used to predict the health index on both the train, validation, and

test datasets. This is why this method of health index construction is referred to as

the supervised learning method or health index regression prediction approach.

Generally, in literature, unsupervised learning approaches have been a preferred

method of sensor fusion because assumptions about the degradation path of the ma-

chine need not be made. This work however explores the capabilities of the supervised

learning approaches and compares how well the unsupervised learning methods per-

form over the supervised learning methods.

Model-specific details for the supervised learning models developed in this work are

discussed further in the corresponding sub-sections in 3.2 To summarise, the linear

degradation model is used to generate the targets for the ML models, and the ML

models are used to generate the health indices that will be used in the next stages of

the similarity-based model development.

The Unsupervised Learning Method

This is the process of mapping the data features to lower-dimensional embeddings

that still preserve enough information about the degradation profiles of the compo-

nents/machines. This lower-dimensional representation serves as the health index.

Unsupervised traditional ML and deep learning dimensionality reduction models like

Principal Component Analysis (PCA), and deep Autoencoders (AE) can be used to

map the sensor values to a latent space of lower dimensions. In the literature, differ-

ent variants of autoencoders like recurrent neural networks autoencoders have been
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used to learn better low-dimensional representations.

It was observed that researchers try to find more complex representations of the

health conditions of the machines by using deeper neural network autoencoders with

the claim that it improves the performance of the similarity-based models. This works

investigates this claim by developing a good basis for comparison and observing the

performance of the similarity-based models as the expressiveness of the unsupervised

learning models increases.

Model-specific details for the unsupervised learning models developed in this work

are discussed further in the corresponding sub-sections in 3.3.

Health Index Processing Details

ML models are used to predict the health index through regression or dimensionality

reduction techniques. The ML model predictions can have very large fluctuations due

to noise; a filtering process can be performed on the predicted health index before

they are used. Also, following the works in [65], researchers perform curve-fitting

on the predicted training data health indices to ensure that all the ensemble mem-

bers have similar degradation models. This was used to smoothen the approximated

health indices for all run-to-failure instances and help generate less noisy or biased

residuals between the test and training ensemble members.

Some researchers also normalize the health index values after the curve-fitting and

filtering process to values between 0 and 1 to get good residual values. The effec-

tiveness of the curve fitting and filtering processes on the predicted health indices is

accessed with the base model.

3.1.2 The Similarity Measure and RUL Fusion Stages

The health indices generated in the first stage of the SBM development process are

passed on to the second stage. As severally stated, similarity-based models try to

find the ensemble members with similar degradation profiles to the test component’s

degradation profile and use the RUL values of the corresponding most similar ensem-

ble members to estimate the RUL of the test component at any given time. This

method raises three questions which are:

1. How do we select the ensemble members that are most similar – Measures of

similarity?
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2. How many of the most similar ensemble members do we use for RUL estimation

– Number of nearest neighbors or candidate selection methods?

3. Finally, how do we estimate the RUL for the test component from the RULs of

the nearest neighbors at any given time – RUL fusion methods?

The above questions are discussed in this section and answered with the base

model. Many methods have been used in the literature to answer the questions

above. There are no rules in the literature that specifies the use of one method over

the other. Usually, researchers follow an empirical process to select their preferred

methods. Another contribution of this work is using a sequential elimination process

alongside a verifiable correct base model to experiment with the most common meth-

ods and select the methods that result in the best performances.

The Measure of Similarity

Measures of similarity provide a numerical value that shows the strength of associa-

tions between variables. In this work, it is a way of identifying the ensemble members

that have similar degradation profiles to the test component/machine. A residual

similarity-based model is used, residual-similarity-based models use the distances be-

tween variables as a measure of similarity or dissimilarity.

A residual function is used to determine the cumulative one-step distances between

the health index of each ensemble member x and the health index of the test compo-

nent y over the life duration of the test component. The magnitudes of these distances

indicate how similar the test component is to the corresponding ensemble member,

the smaller the distance, the higher the similarity.

Many measures of similarity have been used in the literature, this works collects a

list of the most used distance-based measures of similarity for SBM. The base model

is used to investigate the performance of these measures and choose the best measure

for this application. The most used measures of similarity are Euclidean distance (L2

Norm), Manhattan distance (L1 Norm), and cosine distance.

The Euclidean distance between two points x and y is computed as:

Distance(x, y) = sqrt(
D∑
i=1

(xi − yi)
2) (3.2)
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The Manhattan distance is computed as:

Distance(x, y) =
D∑
i=1

|xi − yi| (3.3)

And the cosine distance is computed as:

Distance(x, y) = 1 − x.y

|x|.|q|
= 1 −

∑D
i=1(xi.yi)√∑D

i=1 x
2
i .
√∑D

i=1 y
2
i

(3.4)

The Nearest Neighbours or Candidate Selection

The most similar ensemble members can be referred to as the nearest neighbors or

candidates. All the RULs of the ensemble members are sorted in ascending order by

the distance scores estimated. Three main methods have been used in the literature

to select the nearest neighbors.

1. The first method requires choosing a constant, k number of nearest neighbors.

If k is 10, the first 10 ensemble members (sorted by the distance scores from

the smallest to the largest scores) are selected.

2. The second method inspired by [65] is the use of a constraint function to select

a cut-off distance score. The cut-off distance score in [65] was set to a 25%

increase of the smallest score using constraint Di ≤ 1.25Di where Di is the

smallest score. This threshold or cut-off score can vary from one dataset or

machine to another.

3. The last method inspired by [57] uses all the ensemble members. In [57], weights

were assigned to each ensemble member based on their degree of similarity di,

most similar members get very large weights and dissimilar members are as-

signed low weights. In this method, the candidate selection process is not sepa-

rated from the RUL fusion process and the RULs of all the ensemble members

are used to estimate the RUL of the test component. The similarity degrees or

weights are computed as the inverse of the similarity scores for every ensemble

member.

In this work, the first case of using a softmax function over the similarity scores

to estimate the similarity weights was also experimented with.
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The RUL Fusion Method

The RUL fusion method as the name suggests are methods on how to fuse the RUL

values of the selected ensemble members effectively to estimate the RUL for the test

component.

A näıve approach is to use the central tendency measures such as the mean and

median of the RUL values of the candidate member. For clarity, the RULs of the

candidate members can be computed as the survival duration minus the length of the

test component or the discrete time steps that the test component has been operated

for.

A second method of sensor fusion is to use a weighted sum. Rather than using the

ordinary mean where all the candidate members are given the same weight, a weight

vector is generated. The weight vector contains values that represent the similarity

degrees of the candidate members with the test component.

The similarity degrees are values between 0 and 1 computed by getting the inverse of

the distance scores. In [57] a generalizable RUL fusion method was proposed. It can

be computed as shown in equation 3.5 below:

RUL =
∑
i=1

wi.RULi,
∑
i=1

wi = 1, wi =
wi∑
k wk

(3.5)

where w i and w k are the respective weights estimated by the inverse of the similarity

scores of d i and d k. The weights wi represent the percentage of similarity between

a testing unit j with a unit i ensemble member. The sum of weights for all considered

units i is equal to 1 (i.e. 100%). It means that a unit with a high degree of similarity

will have a weight value near 1 and a low similarity will have a weight close to 0.

The last method of RUL fusion influenced by [65] is application-specific and rule-

based. This method requires expert knowledge, and an in-depth understanding of the

data through data analysis. It is also very sensitive to changes in the dataset.

[57] showed that their generalizable RUL fusion method resulted in a better perfor-

mance than the rule-based RUL method used in [65] which won the PHM08 challenge

in 2008. So, in this work, the rule-based fusion method was not used in the experi-

ment.

Proposed RUL Fusion Method: Softmax-Weighted Sum

The special characteristics of the generalizable RUL fusion method introduced in [57]

is, the weights are similarity probabilities with values between 0 and 1 and the sum of



31

all the weights equals 1 or 100%. These characteristics are consistent with attributes

of the weight vectors generated by a softmax function when applied to real-valued

vectors. Drawing inspiration from the work in [57], a novel RUL fusion method was

introduced where the softmax function is used to generate the similarity probabilities.

Equations 3.6 and 3.7 below show the proposed RUL fusion method.

RUL =
∑
i=1

wi.RULi, (3.6)

∑
i=1

wi = 1, wi = σ(di) =
edi∑k
i=1 e

di
for i = 1, 2, . . . , k (3.7)

where d i is the respective residuals or similarity scores estimated by the similarity

measure for every ensemble member i, and k is the number of selected ensemble

members. The weights wi represent the percentage of similarity between a testing

unit j with a unit i ensemble member. The sum of weights for all considered units

i is equal to 1 (i.e. 100%). The results are evaluated on the validation dataset.

The methods that resulted in the best RUL predictions were identified and used

downstream for the final similarity-based models.

3.1.3 The Base Model

In previous sections, the base model has been briefly introduced. This section pro-

vides a detailed explanation of the significance of the base model, how the base model

was developed, and the different experiments carried out to select optimal hyperpa-

rameters used in the final similarity-based models developed in this work.

The base model serves two major purposes, it serves as a benchmark for compari-

son with other similarity-based models, and it was used specifically to find the best

methods and hyperparameters for the similarity measure and RUL fusion stage of the

SBM development process.

Base Model for Experimentation

A benchmark model is a model that serves as a reference or standard against which

other models are compared. As previously pointed out, the main difference between

one SBM model and the other is in how the health indices are constructed. In the

supervised learning method of HI construction, if the survival duration is known, we

can use the linear degradation model to generate the health indices. However, due to
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the unavailability of this information on the test component, we used ML models to

construct the final HI.

While this information is unavailable for the test dataset, we have this information

on the validation set. So, equation 3.1 was used to construct the base model’s health

index. Here, we use the actual values of the health indices rather than the approximate

predictions from the ML models.

So we can confidently assume that, given that the linear HI construction method

is a good representation of the degradation path from run to failure, and the optimal

methods and hyperparameters for the second stage SBM development process have

been tuned, the RUL prediction scores on the test set is not just a benchmark for

other models but it is also the best result we can achieve with a supervised learning

HI construction similarity-based model. After the exact HI construction process, the

validation set was used to tune and select the best methods and hyperparameters for

stage two, then the final base model was developed. Various experiments were carried

out using cross-validation on the validation dataset. The experiments conducted were:

1. Different similarity measures: Euclidean distance, Manhattan distance, cosine

distance, and similarity degrees.

2. Candidate selection methods.

3. RUL Fusion methods: Median and, weighted sum introduced in [57] and pro-

posed weighted sum method in this work.

4. Finally, experimenting with the effect of changing the time window length, L

when estimating the RUL at different lifetime percentages (pct) and different

HI approximation techniques.

Before discussing the experiments, the result analysis method on the validation data

follows a slightly different approach. 50%, 70%, and 90% of sample validation data

are used to predict the RUL. This method is used to evaluate the performance of the

similarity-based models at different life spans of the machine.

Experimenting with different similarity measures

The most used similarity measures in literature are the Euclidean, Manhattan, and

cosine distances. To make the similarity scores scale invariant to the number of near-

est neighbors selected, the mean squared error (MSE), mean absolute error (MAE)
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and mean cosine error which is simply the mean of the Euclidean, Manhattan, and

cosine similarity error values respectively were used.

The evaluation metrics, RMSE, and score function that quantifies the errors be-

tween the predicted and true RUL values on the validation set are shown in Table

3.1 at 50,70, and 90% of the machine lifetimes. Across all the lifetime percentages,

Table 3.1: Experimenting with different similarity measures results table.

Similarity Measure RMSE SCORE
50% 70% 90% 50% 70% 90%

Euclidean 24.3 25.5 26.9 29.4 35.9 43.8
Manhattan 24.3 25.5 26.9 29.4 35.9 5.1
Cosine Similarity 27.9 29.1 30.5 33.0 39.5 43.8

the Euclidean and Manhattan similarity measures gave very similar results with the

Manhattan distance measure resulting in a better score at the 90% mark. The cosine

distance however resulted in higher errors on both evaluation metrics.

From this experiment, it can be concluded that the Euclidean and Manhattan sim-

ilarity measures are good similarity measures and either of them can be chosen as

simple go-to heuristics for measuring residual similarities for time-series data.

Experimenting with different candidate selection methods and the num-

ber of nearest neighbors hyperparameter tuning

To avoid using a biased evaluation of the SBM model when selecting the best can-

didate selection method between the k, constant nearest neighbors, and the cut-off

distance score method, we need to first tune the k hyperparameter. In this work,

different k values with a minimum value of 3 and a maximum value of 70 with a step

size of 10 after k = 10 were used.

Table 3.2 shows the results of using different numbers of nearest neighbors. For

the base model where the HI is constructed with a linear degradation model, k = 50

resulted in the lowest error between the true and estimated RULs.

To test the sensitivity of the number of nearest neighbors to the HI construction

method, the k values were not only tuned for the base model but the simple linear

regression (LR) model was used to approximate the HI values and experimented with.

It can be seen from Table 3.3 that the number of nearest neighbors is highly sensitive

to the HI construction model used.

The k values are very sensitive to the model type and complexity because the re-
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Table 3.2: The number of nearest neighbor experimentation result table for the base
model.

k RMSE SCORE
50% 70% 90% 50% 70% 90%

3 24.3 25.5 26.9 29.4 35.9 43.8
5 29.2 30.5 31.8 59.8 73.0 89.1
10 19.1 20.3 26.2 13.6 16.6 39.5
20 12.2 13.3 14.5 4.7 5.6 6.9
30 6.4 7.0 5.7 1.6 1.9 1.3
40 4.8 5.1 6.1 1.0 1.2 1.4
50 4.5 4.7 5.7 1.0 1.1 1.3
60 7.9 8.7 9.9 2.2 2.6 3.1
70 5.3 5.7 6.8 1.2 1.4 1.7

lationships between the inputs and the targets learned by each model are different.

Even though the targets are the same, the hidden representations or feature rep-

resentations and mappings learned differs from one model to another based on the

model complexities and architecture. It is advisable to tune the number of nearest

neighbors, the k parameter for any HI construction model used. There is no heuristic

for how k should be selected, so it should be selected empirically.

Table 3.3: The number of nearest neighbor experimentation result table for the LR
model.

k RMSE SCORE
50% 70% 90% 50% 70% 90%

3 6.67 28.36 61.52 1.69 53.86 6001.99
5 6.67 6.71 61.52 1.69 1.26 6001.99
10 3.95 8.75 19.10 0.75 1.78 13.96
20 5.26 3.00 9.57 1.00 0.52 2.94
30 3.55 4.12 5.00 0.52 0.91 1.09
40 5.00 6.71 2.57 1.12 1.72 0.50
50 3.61 3.26 1.00 0.55 0.68 0.19
60 6.08 2.15 0.71 1.48 0.31 0.08
70 3.61 4.74 1.90 0.57 1.08 0.36

A very interesting observation and insight can be drawn from the above sensitivity

experiment. It can be observed that the LR HI constructed model had better results

than the base models for the tuned k values on the validation set.
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This improved performance shows that the assumption that was made in [65] about

the degradation path of the machine being linear is not accurate. While the linear

regression model was not able to learn the target, the linear degradation model did

well, it however tried to learn some representations within its capacity.

This shows that using models that best represent the actual degradation path of

the machine can improve the performance of SBM models. So rather than making

assumptions blindly about the degradation paths of the machine and using a regres-

sion model to approximate the HI values, unsupervised learning models shine here.

Since no assumptions need to be made, lower dimensional representations that retain

enough information about the life cycle of the machines are preferred. This makes

concrete the reason why most researchers in the literature prefer to use unsupervised

learning methods for the health index construction.

This result also shows that the linear degradation model is not the best representation

of the degradation path. It shows that the degradation path can be represented with

better models or statistical distributions.

Table 3.4 shows the results of the different candidate selection methods using the

median as the RUL fusion method. In Table 3.2, k = 50 gave the best results on

the validation data. The cut-off score percentage needs not to be tuned because it

was adapted from [65]. The k-nearest neighbor selection method performed better on

the validation set and was therefore chosen as a preferred candidate selection method.

Table 3.4: Experimenting with the k-nearest neighbors and cut-off score candidate
selection methods table of results.

Candidate Selection Methods RMSE SCORE
50% 70% 90% 50% 70% 90%

k-nearest neighbours 4.5 4.7 5.7 1.00 1.10 1.30
Cut-off score 17.33 18.51 19.81 10.49 12.72 15.52

Experimenting with different RUL fusion methods

The median, the generalizable weighted sum method proposed in [57] (shown in equa-

tion 3.5) and the weighted sum method with softmax proposed in this work (shown

in equations 3.6 and 3.7) were experimented with. The Euclidean similarity measure

was used for this experiment.

The k-nearest neighbors with median RUL fusion method, k-weighted sum RUL fu-

sion method which refers to using a subset of the ensemble members with the weighted
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sum methods (softmax or inverse) rather than using all the ensemble members as pro-

posed in [57] was experimented with. All the ensemble members with the weighted

sum methods (softmax and inverse) were also experimented with. Note, the inverse

weighted sum (IWS) RUL fusion method refers to the RUL fusion method introduced

in [57] and the softmax weighted sum (SWS) RUL fusion method is the RUL fusion

method introduced in this work.

Table 3.5: Experimenting with different RUL fusion methods.

RUL Fusion Methods RMSE SCORE

50% 70% 90% 50% 70% 90%

k-nearest neighbours (k=50) + Median 4.53 4.74 5.70 0.96 1.08 1.31
k-nearest neighbours (k=50) + IWS 4.37 6.09 1.32 0.79 1.50 0.25
k-nearest neighbours (k=50) + SWS 3.57 5.20 4.42 0.54 1.22 0.93
All ensemble members (k=full) + IWS 4.60 4.85 4.19 0.99 1.11 0.87
All ensemble members (k=full) + SWS 3.76 4.61 3.35 0.67 1.04 0.67

From Table 3.5, we can observe that the softmax method of generating similarity

weights or probabilities proposed in this work has better results and lower errors when

used both with the k-nearest neighbors method and all ensemble members method.

From this experiment, the k-nearest neighbor weighted sum with softmax and the

softmax weighted sum with all ensemble members RUL fusion methods gave the best

results. It can be observed that using the k-nearest neighbors weighted sum with

softmax RUL fusion method gave better results at the early stages of the machine

life while the all-members weighted sum with softmax method gave better results at

the 70% and 90% marks.

With this experiment, this work was able to verify the RUL fusion method proposed

in [57] and propose a better RUL fusion method using the k-nearest neighbors and

weighted sum with softmax methods. The RUL fusion method is referred to as the

softmax-weighted sum RUL fusion method, it can be used with the k-nearest

neighbors method or with all ensemble members. This is another notable contribu-

tion of this work.

Experimenting with the effect of changing the time window length, L

when estimating the RUL at different lifetime percentages (pct) and dif-

ferent HI approximation techniques

This experiment differs a little from the other experiments discussed above. Gen-

erally, given that a similarity metric of choice has been chosen, the one-step errors
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between the test data and each training data from time t = 0 up until t = length of

the test data are used to compute the similarity score or residuals. All the time steps

before the current time step are used to compute the similarity score. This experi-

ment investigates using some fractions of the time step rather than the full length.

Under the notion that a closer time step to the current time step might give a better

idea of the degradation path of the test components at the current time, t. It might

be beneficial to tune the time lag or fraction of the time steps to look backward from

the current time step.

It is possible that at different percentages of the component life, the window length

that will result in better RUL estimations can vary.

For instance, at 90% of the lifetime of the validation data for a given ensemble mem-

ber, it might not be a good idea to look further back into the past (i.e., look at the

earlier stages HI values) to compute the residuals. Looking at the most recent degra-

dation profiles where we can vividly see the degradation path of the machines might

give better results.

To perform this experiment, the fraction of the length of the validation data at dif-

ferent life percentages is used. For instance, if the length at 50% of the lifetime of a

unit in the validation set is 30, and a lifespan fraction (L) of 2 is experimented with,

20/2 = 10 timesteps behind from the current timestep for which the RUL should be

estimated will be used to compute the residuals. So the larger the lifespan fraction,

L, the smaller the number of timesteps that will be used to compute the residuals.

This experiment was carried out with the base model to investigate this hypothesis.

See Appendix B for the experimental results of using different lifespan fractions L at

different percentages pct for different HI construction methods; supervised learning

HI construction method with a feed-forward neural network and unsupervised learn-

ing method with PCA.

The effect of experimenting with different window lengths on the base model is

close to nothing. From this experiment, it can be observed that the lifetime fraction

parameter L is sensitive to the HI construction method used. By changing L and

using the linear degradation model for HI construction, the effect is close to nothing

or very minimal while the effect is more obvious when we use approximate HI’s. So if

we decide to use the approximate HI methods, this is a hyperparameter that should

be tuned.
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More specifically, the experiment carried out with approximate HI with feed-forward

NN shows that using the full length gave the best results. And with PCA, L = 1.5

gave better results for 50%, L = 5 gave better results for 70%, and L = 4 for 90%.

Generally, for a more robust model and to reduce the hyperparameter space, the

effect of changing the lifespan fraction L can be neglected and/or compensated by

using more sophisticated models.

3.1.4 Final Base Model Workflow and Results On The Vali-

dation dataset

In section 3.1, we have selected the best methods and hyperparameters for the second

stage of the SBM development process. These methods and the exact health index

construction method (linear degradation model) were used to develop the final base

model.

Figure 3.3 shows the final workflow of the similarity-based model based on the best

methods and hyperparameter values.

Figure 3.3: Proposed similarity-based model for RUL estimation.

The Final Base Model Result Analysis

In this sub-section, some descriptive statistics were used to analyze the errors between
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the true and predicted RULs. Table 3.6 shows the mean, median, and standard devi-

ations of the errors between the true and estimated RULs on the validation dataset

using the above SBM workflow for the base model.

Table 3.6: RUL errors at different life stages of the machine instances in the validation
dataset for the base model.

SBM Model Error mean Error median Error std

50% 70% 90% 50% 70% 90% 50% 70% 90%

Weighted k-nearest neighbor -12.6 -0.46 13.8 -9.73 -0.98 10.1 42.5 36.3 23.4

(a) Probability distribution
of the RUL errors at 50%.

(b) Probability distribution
of RUL the errors at 70%.

(c) Probability distribution
of the RUL errors at 90%.

Figure 3.4: RUL errors probability distributions at different lifetime percentages for
the base model.

Figures 3.4 and 3.5 show the probability distributions and box plots of the errors

at 50, 70, and 90% of the lifetime. At 50 and 70% of the machine life cycle, i.e.,

the machine is in an intermediate health stage, the error probability distributions are

left-skewed which means there are probably outliers on the lower bound of the data

distribution. These outliers are shown on the box plot. The mean of the RUL error

distribution is shifted to the right and the variance is higher at 50 and 70% of the

lifetimes due to the outliers.

These RUL error outliers were manually examined and it was observed that at the

intermediate health stages of the machines when fewer data have been observed, there

tends to be great variance in the RULs of the chosen nearest neighbors which leads to

unreasonably long or short RUL estimations. At 90% of the machine lifetimes, when

more data has been observed, the variance in the error distribution is less, and better

RUL estimations are made.
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Figure 3.5: Box plots of RUL errors at different lifetime percentages.

This high variance in the RULs of the chosen nearest neighbors is because, for the

turbo-engine machine examined in this problem, through data analysis, it was ob-

served that on average, the machines operate in a healthy condition for about 125-

time steps before it starts to degrade. So, at the early stages when the machine’s

degradation paths have not been formed yet, it is difficult to know which members

of the ensemble would have similar degradation paths to the test machine leading to

high RUL estimation errors.

This is the reason why the standard deviation of the error distributions is higher at

the intermediate stages.

This behavior is common with mechanical components; they don’t begin to de-

grade till after some usage period and this is considered when predicting the RULs.

Also, we desire better predictions when the machines are close to failure and the

similarity-based models make very good predictions at the end of the life of the ma-

chines. A common strategy used in literature to address this issue as seen in [[83],

[66], [23]] is by limiting the maximum value of RUL estimation for any test instance

to a constant RUL max. In this case, when the machine is still in the early life stages,

the RUL will be fairly large, so a constant threshold is chosen such that if the RUL is

greater than the RUL max, then the machine is considered to be in a good condition.

The RUL max used by other researchers for the CMAPSS dataset 2, FD002 is from
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a set {160,165,170,175,180,185,190}. Note however that the maximal true RUL value

of test engines in dataset no 2 is 200.

3.1.5 Insights and Main Points

Some insights were drawn from the above experiments which inform the next steps

of the similarity-based model development.

1. The assumption that the machine degradation profile is linear is not good

enough. The improved performance of the linear regression approximated HI

model over the base model shows that the linear regression model learned a

degradation path that more accurately represents the machine’s degradation

profile than the linear degradation model. The visual representations of the

approximated HI values in section 5.1 also support this. The unsupervised

learning representations learned from the data show that the machine does not

start degrading immediately from the early stages.

2. The performance of the similarity-based model can be improved if the health

indices used are a good representation of the degradation path.

3. The performance of the supervised learning HI construction similarity-based

model might be improved if the ML model used to approximate the relationship

between the sensor values and the linear degradation HI values is more complex.

i.e., the performance of this model is based on how well the ML model can

approximate the HI values on unseen datasets.

Even though the linear degradation model is not an accurate representation of

the degradation profile, the base model showed a very good performance on the

test dataset so if a more expressive and complex model is used, and the model

is able to learn this linear model, we should expect a result as good as that of

the base model on the test dataset.

4. Curve fitting is a very important step. It helps to smoothen the encoded rep-

resentations and reduce noise and fluctuations in the output of the ML models

that can affect the computation of the residual. However, it has been shown

to result in higher prediction errors from the experiments carried out in this

work. Filtering also did not show much improvement in the SBM performance.

In fact, in some cases, it caused more errors. Finally, normalizing the HI values

after also prediction resulted in worse performance and it is not encouraged.
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5. The number of neighbors k, for a k-nearest-neighbor’s SBM is very sensitive to

the HI approximation model type, architecture, and complexity. For every HI

construction model used and dataset, it is advisable to tune the k parameter.

6. The SBM model benefits greatly from more ensemble members in the training

set. The more time steps observed when computing the residuals, the better

the result of the SBM model.

7. The model is greatly sensitive to outlier ensemble members.

3.2 Supervised Learning HI Construction Meth-

ods

In this section, the supervised learning HI construction methods were experimented

with. Recall that a very important insight drawn from the base model is that the

performance of the supervised learning-based HI construction method for an SBM

might be based on how well the ML model can approximate the HI values on unseen

datasets. Using a bottom-up approach through experimentation, the performance

of the similarity-based models based on the complexity of the supervised machine

learning model used to approximate the HI values was investigated.

This section answers the research question, Is the performance of the supervised

learning-based HI construction method for an SBM dependent on how well the ma-

chine learning model can approximate the HI values on unseen datasets?

A strategic and sequential approach was taken to evaluate the performance of

different ML models. Since this work investigates how the complexity of the ma-

chine learning model used for HI values approximation affects the performance of

the similarity-based model, ML models with different levels of complexity were con-

sidered. The simple linear regression, four deep learning models, and an encoder

transformer model for regression tasks were experimented with.

These models were chosen hierarchically. The linear regression model is the simplest

ML model, and this was the model used in [65], the similarity-based model that won

the PHM08 competition. The four deep learning models used were the feed-forward

neural network, multi-tail feed-forward NN, recurrent neural networks (LSTM), and

convolutional neural networks. For efficiency, the deep learning methods were evalu-
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ated with the r2-score metric, the r2-score is a scale-invariant regression score function

used to evaluate how well a model behaves on the dataset. The higher the r2-score,

the better the performance of the model. Rather than developing separate similarity-

based models for all the deep learning methods, the r2-score metric was used to choose

the deep learning model that approximated the HI values the best and this ML model

was used to develop a similarity-based model.

Amongst all the deep learning methods experimented with in this work, the con-

volutional neural network had the highest r2-score of 0.77 and it was chosen and used

to develop the deep learning similarity-based model. Finally, an encoder transformer

model was used to approximate the HI values. A transformer model is a highly ex-

pressive model that has shown amazing predictive capabilities in Large Language

Models (LLM) applications, the transformer model used in this work is discussed in

detail in Chapter 4.

The ML models were developed, trained, and tuned to achieve good health index

predictions. This section introduces the machine learning methods and the best hy-

perparameters tuned during training. The r2-scores are presented in tables and are

shown in Appendix C. Finally, the Transformer-Assisted Supervised Learning-based

SBM is proposed and developed.

The r2-score function can be computed as:

R2 = 1 − RSS

TSS
(3.8)

where, R2 is the coefficient of determination, RSS is the sum of squares of residuals

and TSS is the total sum of squares.

Linear Regression

Linear regression is the simplest ML model. It is a parametric model that assumes

a linear relationship between the dependent(target/output) and independent vari-

ables(input/predictor). The relationship between the output variable Y and the pre-

dictor variable X can be described by a straight line.

Y = b0 + b1 ∗X (3.9)

where, b0 is the intercept and b1 the slope.



44

The learning rate and regularization parameters were tuned using a grid search for

values in the set {0.001, 0.003, 0.01, 0.03, 0.1, 0.3} and the RidgeCV class in the

scikit-learn machine learning library. The values 0.01 and 0.03 for the learning rate

and regularization parameters respectively resulted in the best r-score of 0.65.

Fully Connected Artificial Neural Network

A simple artificial neural network (ANN) is a fundamental building block for other

deep learning networks which have become extremely powerful tools applied to a wide

range of applications including image recognition and natural language translation.

The artificial NN is simply a mathematical function that can take in a vector as input

and output a vector. The effectiveness of ANNs comes from the presence of activation

functions, the activation functions help the ANNs to find non-linear relationships

in the data, and due to the network structure, they can learn complex, non-linear

relationships during training on their own.

The fully connected ANN is an artificial neural network where all the nodes from the

previous layers are connected to all the nodes at the next layer. Figure 3.6 shows the

structure of a simple single-layer artificial neural network.

Figure 3.6: The structure of a simple single-layer artificial neural network.

The output of each node can be expressed as:

a
(1)
0 = σ(w0.a

(0) + b0) (3.10)

a
(1)
1 = σ(w1.a

(0) + b1) (3.11)
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where,

a(0) is a vector of the activation units in layer 0,

w(0) is a vector of the weights of every activation unit from layer 0 to the first activation

unit in layer 1, a
(1)
0 ,

w(1) is a vector of weights for every activation unit in layer 0 to the second activation

unit in layer 1, a
(1)
1 ,

a
(1)
0 is the first activation unit in layer 1,

a
(1)
1 is the second activation unit in layer 1,

b0 and b1 are the bias values for the corresponding activation units to layer 1.

The equations 3.10 and 3.12 can be written in a vectorized format as:

a
(1)
1 = σ(W1.a

(0) + b1) (3.12)

where, a
(1)
1 , a(0) and b1 are vectors and W1 is a matrix of weights.

The convention in deep learning is to stack multiple base layers over one another,

so multiple hidden ANN layers and more neurons can be added to the simple ANN

shown above to get a more expressive model that can be used to learn more complex

relationships. A fully connected ANN was trained to predict the HI values. Table C.1

in Appendix C shows the tuned hyperparameters that performed well on the dataset

and the r-score.

Multi-Tail ANN

The multi-tail ANN is a variant of the fully connected ANN. The outputs of multiple

fully connected NN layers are concatenated together. Figure 3.7 shows the structure

of the multi-tail ANN. A multi-tail ANN model was also built, trained, and tuned in

this work to approximate the HI values. Table C.2 shows the best hyperparameter

values for the dataset. For the multi-tail, RNN, and CNN models, sliding window

lengths of {5,10,20} were tried and a window size of 10 worked best for the dataset.

Convolutional Neural Networks

Convolutional NNs are a type of deep-learning neural network that uses convolutions

to find patterns in data. The idea behind convolution is to use kernels to extract fea-

tures from input data, the concept of using kernels for an image or signal processing

is not new. In the past, kernels of known weights e.g., the Gaussian Blur Filter were

used to blur images or used on time series data for smoothing by reducing the level of
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Figure 3.7: Structure of a multi-tail ANN.

noise in them. What makes CNNs special is the fact that they use learnable kernels

which is a common characteristic of deep neural networks, the features are learned.

CNNs are composed of three main layers: the convolutional layer, the pooling

layer, and the fully connected layer. The convolutional layer(s) parameters use learn-

able kernels. These kernels, usually two-dimensional for image recognition tasks or

one-dimensional for time series data, glide over the entire depth of the input while

calculating the scalar product for each kernel. Then an activation function is used to

enhance the nonlinear expression of the convoluted features. The process is shown in

equation 3.13, where x is the signal, fk is the kernel filter, bk is a bias, and σ is the

activation function. After each convolution and pooling layer, the image or feature

maps shrink and we lose spatial information, but this makes the network generalize

better because while the size of the feature maps shrinks, generally the number of

feature maps increases. Where the features are found matters less, and the network

cares more about the fact that the features were found.

The most common pooling method in CNN is max-pooling max, which calculates

the maximum value in a range w, as shown in equation 3.14. The fully connected

layer consists of neurons directly connected to the neurons in the two adjacent layers,

similar to a traditional ANN.
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hk = σ(x ∗ fk + bk) (3.13)

hpk = max(hk, w) (3.14)

Figure 3.8 is a schematic representation of CNN with convolution, batch normaliza-

tion, pooling, activation function, and fully connected layers.

Figure 3.8: A schematic representation of the main CNN layers.

While CNNs have been primarily used to solve image-driven pattern recognition

tasks, they have also shown great potential in their applications to time series data

prediction. This is because we can use the autocorrelations in time series data to

enhance the predictive abilities which is the fundamental building block of auto-

regressive (AR(p)) models (linear models), so autoregressive CNNs can be thought

of as an extension of AR(p) models.

A CNN was trained to predict the HI values, and a sliding window length of 5 gave

the best results. Table C.3 shows the best hyperparameters for the dataset and the

r-score. A big improvement in the r-score was observed with CNN. In this work, the

CNN model resulted in better HI predictions than other models including the LSTM

model.

Recurrent Neural Networks

RNNs are one of the most used deep learning models for time series data modeling.

The output of RNNs at a given time step t, is not only influenced by the input at

that time step but also by the hidden state representation which contains a memory

of all the states that have been visited before the current state. This is why RNNs
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are said to have memory.

A common challenge encountered by the näıve RNNs, the Elman units is the problem

of long-term dependencies. As the input data sequence lengths increase, the more

deeply nested and further back in the sequence t, due to the compounding multiplica-

tive effect when performing gradient descent, the more likely it is for the gradients

to vanish. This was the issue faced by the simple RNN(s); long-short-term memory

(LSTM(s)) that use gates to decide how much of the hidden representation from pre-

vious layers should be remembered in the current time step was developed to fix this

issue.

LSTMs use three gates, input, forget, and output gates. The gates can be considered

as switches that control how much information passes through them but mathemat-

ically, each gate can be considered as a single neuron with values between 0 and 1.

An extra state known as the cell state (Ct) is introduced in LSTM. The forget gate

f(t) controls how much of the cell state should be forgotten, and the input gate i(t)

controls how much of the previous hidden state should be remembered in the current

cell state. The output gate o(t) controls how much of the previous cell state is to be

forgotten.

f(t) = σ(W T
xf .xt + W T

hf .ht−1 + bf ) (3.15)

i(t) = σ(W T
xi.xt + W T

hi.ht−1 + bi) (3.16)

o(t) = σ(W T
xo.xt + W T

ho.ht−1 + bo) (3.17)

c(t) = ft(⊙)ct−1 + it(⊙)fc(W
T
xc.xt + W T

hc.ht−1 + bc) (3.18)

ht = ot(⊙)fh(ct) (3.19)

where,

f(t), i(t) and o(t) are neurons and are computed just like the way the feed-forward

NN neurons or activation units are computed shown in equation 3.12.

Figure 3.9 is the basic structure of LSTM-RNN. A many-to-one LSTM model was

trained to predict the HI values, Table C.4 shows the best hyperparameters for the

dataset and the r-score. Contrary to the general intuition that LSTM works best for

time series data, in this work, CNN showed a better performance than the LSTM

model. The LSTM model did not result in significantly better performance than the

fully connected ANN.
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Figure 3.9: The basic structure of an LSTM network.

Supervised Learning-based HI-Constructed Similarity-based Models De-

velopment

The CNN model achieved the highest r-score on the dataset, so it was selected and

used to approximate the HI values for the similarity-based model.

The Transformers Assisted Similarity-based Model

For the smooth flow of the work, the encoder-transformer model is briefly introduced

here. As earlier mentioned this work introduces a novel encoder-transformer model for

remaining-useful-life prediction and this model’s performance surpassed every state-

of-the-art model that it was benchmarked against in literature. Using our knowledge

of the high performance of this model for time series data prediction, we developed

a transformer-assisted similar-based model. Based on the claim that the better the

approximation of the HI values, the better the performance of the SBM model, we

also used the encoder-transformer model which is discussed in detail in Chapter 4

to approximate the HI values. An r2-score of 0.9 was achieved with the encoder-

transformer model.

Finally, the linear regression, CNN, and transformer models were used to develop

similarity-based models. Their performances were evaluated on the test dataset.

The results were evaluated using different RUL max values, {160,170,180,190,200}.

Table 3.7 below shows RMSE and score values for the different RUL max values

considered.

Does the complexity of the Supervised Learning HI construction models influence

the performance of the similarity-based models?

From the results in Table 3.7, a huge improvement expressed by lower RMSE and
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Table 3.7: Evaluation results on test dataset for supervised learning models-based
SBM.

RUL max SL Model RMSE SCORE
RUL max = 160

Linear regression 13.3 1445.1
CNN 14.7 1489.3
Encoder-transformer 13.4 1392.3

RUL max = 170
Linear regression 16.7 3554.5
CNN 15.5 1558.5
Encoder-transformer 14.7 1532.1

RUL max = 180
Linear regression 19.0 5060.7
CNN 16.8 1778.2
Encoder-transformer 16.3 1803.9

RUL max = 190
Linear regression 19.2 5086.2
CNN 17.5 1887.4
Encoder-transformer 17.1 1892.2

RUL max = 200
Linear regression 20.2 5278.2
CNN 18.2 1959.7
Encoder-transformer 17.8 1971.3

score values can be seen between the linear regression and the CNN model across

all RUL max values, this clearly shows that a better approximation of the health

indices improves the performance of the similarity-based model. The improvement

in the performance of the SBM model between the CNN and transformer model is

not as conspicuous as that of the CNN and linear regression models because of the

extreme simplicity of the linear regression model and because CNNs are very good

deep learning models for time series data.

This decline in performance from a more expressive to a less expressive model grows

exponentially as the RUL max values increase. That is, as the model tries to predict

the RULs of machines at earlier stages of the machine life cycle, due to the score func-

tion formulation which increases exponentially as the prediction errors grow and the

inherent inability of similarity-based models to make very accurate RUL predictions

at the early stages of the machine life. The RMSE score is a better metric to evaluate

these results. Using the RMSE score, the transformer model generally performs the
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best across all the RUL max values. This experiment performed above shows that

indeed a better approximation of the HI values by using more complex and expres-

sive models improves the performance of supervised learning-similarity-based models.

3.3 Unsupervised Learning HI Construction Meth-

ods

The unsupervised learning sensor fusion methods for HI construction have been ex-

plored greatly in literature. Many unsupervised learning methods from linear mod-

els like Principal Component Analysis (PCA) to deep learning models like the Bi-

directional Recurrent Neural Networks Autoencoders (Bi-RNN AE) have been ex-

plored greatly in literature. Researchers have used more sophisticated representation

learning networks like DNN-based autoencoders with the aim of improving the per-

formance of the similarity-based models.

Most publications have however compared these unsupervised learning models for

SBM from one to the other with different RUL fusion methods. This isn’t a good

basis for comparison to assert the claim that using more sophisticated unsupervised

learning models will automatically result in better similarity-based models. To as-

sert this claim, this work investigates the performance of SBMs with a focus on the

improvement rate of the SBM from simpler unsupervised learning models to more

sophisticated models while keeping the downstream tasks (Stage 2 of the SBM devel-

opment process) constant. This sets a good basis for comparison.

Three models with palpable differences in the degree of complexities were used to

perform this experiment, Principal Component Analysis (PCA), Fully connected Au-

toencoder (AE), and Convolutional Autoencoder (CAE).

For clarity, this section aims at investigating the performance improvement of unsu-

pervised learning method HI constructed - SB models as the unsupervised learning

model complexities increase.

A critical detail about each model that will be mentioned in this section is how the

lower dimensional representations from the unsupervised learning models are mapped

to one-dimensional HI values and/or used directly to compute the similarity measures.
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This detail varies from one model to the other due to the dimension and type of

outputs each model returns.

More generally, unsupervised dimensionality reduction models are usually referred to

as autoencoders and can be demonstrated in the Figure 3.10 below.

Figure 3.10: Autoencoders basic architecture.

An autoencoder encodes a data point X and tries to decode it to something sim-

ilar. The mapping from the data to the code is called an encoder and the mapping

from the code to the reconstructed data is called the decoder. The objective is to

find the parameters such that the reconstruction error between input data X and the

reconstructed data X̃ is minimized. The code, Z is the low-dimensional representa-

tion. If the mapping from the encoder to the decoder is linear mapping, then we get

the PCA. So PCA can be thought of as a linear autoencoder. Deep neural network

autoencoders simply have non-linear mappings between the encoder and the decoder.

Principal Component Analysis (PCA)

PCA is a dimensionality reduction method that uses a linear projection from higher-

dimensional subspaces to lower-dimensional spaces while retaining as much variance

or information in the data as possible. The fundamental concept of the PCA algorithm
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is orthogonal projections. Figure 3.11 shows an illustration of orthogonal projections

of vectors onto 1D subspaces.

Figure 3.11: Orthogonal projection unto 1-D subspace.

Given a vector x in 2 dimensions and a 1-dimensional subspace u with a basis

vector b all vectors in u can be represented as λ * b for some λ. The vector in u that

is closest to x can be found by an orthogonal projection of x unto u which is denoted

by Λu(x).

The important properties of projection are:

Λu(x) = λ ∗ b (3.20)

< b,Λu(x)) >= 0 (3.21)

Combining equations 3.20 and 3.21 together, Λu(x) can be computed as:

Λu(x) =
bbT

||b||2
∗X, if ||b|| = 1;λu(x) = bTX (3.22)

Λu(x) = bbTX (3.23)

In PCA, the objective is to find the basis vectors that exist in the m-dimensional

lower subspace that minimizes the reconstruction error ||X − Λu(x)|| between the

n-dimensional data points and the orthogonal projection of point X unto subspace m.
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J can be re-written as,

J = bTj SbjN (3.24)

Where S is 1
N

∑
n=1XnX

T
n which is equivalent to the data covariance matrix.

The eigenvectors of the data covariance matrix are the basis vectors. The eigenvectors

that belong to the smallest eigenvalues are the basis of the subspace to be ignored

and the principal subspace is spanned by the eigenvectors belonging to the m largest

eigenvalues of the data covariance matrix.

So, B is the eigenvectors belonging to the m largest eigenvalues of the data covariance

matrix.

Λu(x) = λ ∗B = BBTX (3.25)

Where λ = code = BTX which is the lower dimensional representation that is used.

PCA Implementation Model Development Details

In this work, m was chosen to be the smallest value so that 80% of the variance in the

data is retained. m = 3, so the multi-dimensional training datasets were projected

onto a 3-dimensional subspace.

To avoid data spillage, the PCA algorithm was trained only on the training dataset

then the transformations from Xi to Zi on the training datasets were then mapped

onto the validation and test datasets to reduce their dimensions.

PCA 3D to 1D Fusion: Finally, to convert the 3D code to 1D HI values, a linear

combination weighted by the percentage of contribution of the chosen principal com-

ponents and the 3D points was performed. Simply put, the dot product between the

PCA elements (matrix) and the contribution (vector) was taken.

Fully-connected Autoencoder (FAE) Implementation and Model Devel-

opment Details

The fully connected deep neural network architecture has already been discussed in

detail in section 3.2. The major difference between a fully-connected NN and the

autoencoder is in the target, the inputs are also the targets for autoencoders. Au-

toencoders are a type of neural network that is trained to replicate its input to the

output. Deep Learning-based autoencoder architectures are usually symmetric in

nature just as shown in Figure [encoder], the number of layers required to map the

inputs to the code is also required to transform the code to the output which is a
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replica of the input.

AE Code Fusion: The encoded representation (code) dimension chosen for this

work is m = 3. This was chosen empirically using cross-validation and using the PCA

dimension as a basis. The first dimension of the code was chosen as the HI values.

Table C.5 below shows the FAE model hyperparameters.

Convolutional Autoencoder (CAE) implementation and model devel-

opment details

The only difference between the AE and CAE is the base architecture chosen. In fact,

the only difference between most deep learning autoencoder architectures is the base

architecture. So, if the base model is an LSTM, then it is referred to as LSTM AE.

1D convolutions are used on the time series data with a constant window length of

5 which have been previously optimized. This autoencoder model leverages the good

predictive abilities of convolutional neural networks on time series data.

CAE Code Fusion: The encoded representation (code) dimension chosen was also

m = 3. The first feature map was chosen and a global max pooling layer was applied

over the encoded depth to get a 1D representation of the HI values. Table C.5 shows

the CAE model hyperparameters.

Unsupervised Learning HI-Constructed Similarity-based Models

The CAE model achieved the highest r-score on the true X values versus the recon-

structed X̃ values. Just like in section 3.2, the results were evaluated using different

RUL max values, {160,170,180,190,200}. Table 3.7 below shows RMSE and score

values for the different RUL max values considered.

Does the complexity of the unsupervised learning HI construction models influence

the performance of the similarity-based models?

From the results in Table 3.8, a huge decline expressed by higher RMSE and score

values can be seen between the PCA and FAE models across all RUL max values,

with the PCA model outperforming the FAE model at every RUL max value. This

decline in performance grows exponentially as the RUL max values increase.

Using the RMSE as a basis for evaluation, the PCA RMSE values are lower than

that of the FAE and CAE models across all the RUL max values except at RUL max

= 160. This experiment shows that the complexity of the unsupervised learning ML

models does not directly translate to a better similarity-based model.
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Table 3.8: Evaluation results on test dataset for unsupervised learning models-based
SBM.

RUL max SL Model RMSE SCORE
RUL max = 160

PCA 14.9 1193.1
FAE 13.7 1317.7
CAE 13.2 1272.3

RUL max = 170
PCA 16.3 1338.7
FAE 16.5 1850.5
CAE 16.2 1392.3

RUL max = 180
PCA 17.5 1460.5
FAE 18.4 2088.4
CAE 18.1 1950.3

RUL max = 190
PCA 18.2 1530.7
FAE 20.0 2781.13
CAE 17.8 1562.3

RUL max = 200
PCA 18.8 1556.3
FAE 21.3 3026.2
CAE 19.2 2560.3
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Chapter 4

Direct Approximation Method

4.1 Transformers For Multi-variate Time-series Data

Prediction

In this chapter, the direct approximation method implementation details, problem

formulation, modeling, and experimental results are discussed.

In this work, direct approximation models refer to using ML models to directly pre-

dict the remaining useful life (RUL) of a machine at any time during its life, the

ML models serve as function approximators that learn the relationship between the

input and the target which in this case is the RUL. Since we have numerous amounts

of data from run-to-failure instances from several machines, we can formulate this

problem as a prediction task that is native to the supervised learning ML paradigm.

Supervised learning is one of the three main paradigms of ML that leverages the

abundance of past data and learns from it to perform two main tasks: regression, or

classification. While the domain applications of ML may vary largely, ranging from

predictive modeling and analytics to computer vision or generative AI applications;

the fundamental tasks performed remain either a regression or classification task.

Regression is simply used to predict continuous variables and classification is used to

predict discrete variables.

The basic pipeline for ML tasks follows the schematic below, the pre-processed

input data is fed to a model of choice and the model is trained to learn the relation-

ship between the dependent (target) and independent variables (input) and use the

learned model to make predictions of the target on previously unseen data points.
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The RUL prediction problem can be modeled as a regression task by naively repre-

Figure 4.1: Basic machine learning pipeline.

senting the target as the actual time-to-failure values. That is, depending on how

the successive data points are collected in time, given that we are at timestep t, if

the machine will fail at timestep t + 10, then the target (RUL) at timestep t will be

t + 10 − t.

This work focuses on the use of transformer networks for making predictions on

multi-variate time series data. Before going into details about the architecture of

transformer networks, it is expedient to highlight the characteristics of time series

data, why they are so hard to predict, and why transformers work for them. Machine

models can be divided into four main categories, Classical ML models, Ensemble mod-

els, Deep Learning models, and Attention and Transformer-based networks. Classical

ML models such as linear and logistic regression models learn the linear relationship

between the dependent and independent variables. Classical ML models are simpler

models, so their applications are very limited. Ensemble models combine multiple

weak or simpler models together to create a single strong model using two main tech-

niques; bagging and boosting techniques. Deep learning models stack multiple layers

of the base models of choice such as the fully connected feed-forward, convolution

layers, or recurrent neural network layers and activation functions to generate models

that can learn non-linear relationships between the inputs and the targets.

Most real-world applications of ML such as time-series data forecasting or image

recognition require sophisticated models such as deep neural networks to make good

predictions. The major thing to point out is that succeeding ML model categories

were developed to improve the existing models. For instance, the ensemble models
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were developed by combining multiple classical models like decision trees to form

strong models that can learn more complex representations and deep learning models

were also developed to improve existing ML models.

Time series data prediction and/or forecasting is one of the foremost domain applica-

tions of Predictive modeling. A variety of modeling approaches have been developed

in the literature for univariate and multivariate time series data. Statistical methods

such as auto-regressive models and their variates (ARIMA, VARMA, VARIMA, etc.)

or deep, and non-deep learning ML methods such as TS-CHIEF [59] have been used in

literature to make predictions. However, unlike in Computer Vision or Natural Lan-

guage Processing (NLP) domains, deep learning models have yet to gain dominance

or result in incomparable results compared to non-deep learning models. Accord-

ing to [86], non-deep learning methods such as TS-CHIEF [59], HIVE-COTE [34],

and ROCKET [10] currently hold the record on time series regression and classifica-

tion dataset benchmarks, closely matching or even outperforming sophisticated deep

learning architectures like InceptionTime and ResNet. Time series data prediction is

a non-trivial task and machine learning models might find it hard to learn to make

predictions of time series data because of the following reasons:

1. Machine learning models are developed under the assumption that the data

points are independent and identically distributed random variables, but time

series data don’t obey this assumption. Time series data is a sequence of mea-

surements taken at successive equally spaced intervals over time and the data

points or observations are not mutually independent, there is autocorrelation

between the data points. Also, they are not identically distributed random

variables, as the name implies time series data changes over time so distribu-

tion (mean and standard deviation) changes over time, they are non-stationary.

While different methods such as differencing or detrending have been developed

in the literature to make time series data more stationary, these underlying

characteristics of time series data make it difficult for machine learning models

to make very good predictions.

2. Other distinct characteristics particular to time series data are trends, season-

ality, cycles, special events detection, and classification, or a combination of

all these characteristics. Changes in the trends or seasonality patterns in the

data make time series data very difficult to predict. These distinctive traits

observed in univariate time series data even become more difficult to handle
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in multi-variate time series data. The complex, non-linear relationship between

the input variables and the target in time series data makes it difficult to predict.

3. Finally, unlike language, which is universal, and has led to the widespread suc-

cess of Natural Language Processing (NLP) because of their ability to learn

encoded representations of natural language through unsupervised learning ap-

proaches, time series data comes in different kinds and forms. This makes it

difficult to generalize the encoded representation of a particular data/use case

to another data/use case. The good news is, however, difficult time series mod-

eling gets, researchers keep developing ways to make better predictions with the

available tools and knowledge about the data.

As we have shown above, time series data modeling and predictions are non-

trivial tasks. Multi-dimensional time series modeling is even more difficult;

more sophisticated models are required to make better predictions. With this

understanding in mind, this work aims at achieving better predictions for multi-

variate time series data by exploring how we can transfer the concepts of Large

Language Models (LLM) to the time series domain. Since time series data can

be modeled as sequential data, it is only reasonable to transfer the concept of

how sequential data has been modeled in other domains like natural language

processing to the time series data prediction and modeling domain. The base

architecture for large language models is transformers and this work adopts

it for better time-series data predictions and more efficient time-series data rep-

resentation learning.

The base model used in LLM models such as BERT and GPT models is trans-

formers. Transformers are highly expressive models that are excellent for se-

quential data modeling, they are built upon the foundation of attention mech-

anisms. Attention is a resource allocation mechanism that mimics the brain

by recognizing what or where to pay more attention to and assigning larger

weights to them. Attention mechanisms were developed to solve the problem

of long-term dependencies experienced in recurrent neural networks due to very

long data sequences.

Sequential data is data in which the ordering matters. Time series data are

evenly spaced data points and can be modeled as sequential data with sequences

taken at successive equally spaced points in time. Since time series data is se-

quential data, we can use sequential modeling approaches like transformers and
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attention mechanisms to model it.

4.2 Attention-based Models and Transformer Ar-

chitecture

Attention-based Models and Mechanism

Attention-based models are models that use attention mechanisms. The attention

mechanism allows the base models, usually neural networks (ANN, CNN, or RNNs)

to focus on the most important features of the input that produces better results

at the output. The presence of this attention mechanism helps to improve the per-

formance of the base models. Attention-based models have gained more traction in

sequence-to-sequence models like recurrent neural networks (RNNs).

RNNs are one of the most used deep learning models for sequential data modeling.

The output of RNNs at a given time step t, is not influenced only by the input at

that time step but also by the hidden state representation which contains a memory

of all the states that have been visited before the current state. This is why RNNs

are said to have memory. A common challenge encountered by the näıve RNNs, the

Elman units is the problem of long-term dependencies. As the input data sequence

lengths increase, the more deeply nested and further back in the sequence a hidden

unit is, and due to the compounding multiplicative effect when performing gradient

descent and learning the weights, the more likely it is for the gradients to vanish. This

was the issue faced by the simple RNN(s); long-short-term memory (LSTM(s)) and

gated-recurrent neural networks (GRU(s)) that use gates to decide how much of the

hidden representation from previous layers should be remembered in the current time

step were developed to fix this issue. However, in most applications, the sequence

lengths are required to be very long, and this brings out all the problems associated

with training very deep neural networks like vanishing or exploding gradients which

leads to non-convergence, so attention networks are used to improve the performance

of RNNs.

Attention Mechanism

To focus on the most important parts of the input to get better outputs, context

vectors (C(t)) which is a dot product between the hidden representation and learnable

weights to all outputs at every time step in the sequence are used. They determine
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which portions of the hidden representations are important to generate the output

at any time instance, t. So, at every time step of the decoder, the context vector is

different.

The attention mechanism was introduced by [4]. The computation of the attention

mechanism is divided into three main steps, the computation of the alignment scores,

the weights, and finally the context vector.

1. Compute alignment scores: The alignment score is a function of the hidden

states of the encoder, hj, and the decoder output at t− 1, st−1. The alignment

model can be implemented by a feed-forward neural network. The alignment

score as shown in equation 4.1 can be generally computed with three methods

shown in equation 4.2.

score(st−1, hj) = st,j = (4.1)

score(st, j) =


(sTt )hj Dot-product Attention

(sTt )Wahj General Attention

V T
a tanh(Wa[st;hj]) Additive Attention

(4.2)

2. Compute attention weights by applying softmax operation on the alignment

scores as seen in equation 4.3.

α(st,j) =
exp(st,j)∑
j exp(st,j)

(4.3)

3. Compute context vector: As mentioned above, the context vector is a weighted

sum of the attention weights and the hidden state representations for every

output. The equation 4.4 below shows the computation of the context vector

for a single output node.

Ct =
T∑

j=1

α(st,j)hj (4.4)

More generally, the attention mechanism can be computed using three main compo-

nents, the queries Q, the keys K and, the values V. The query can be compared with

the decoder output from the previous layer st−1 and the key with the encoder inputs

hj of the Bahdanau attention mechanism.
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Self-attention Mechanism and Transformer Network

The self-attention mechanism is the fundamental building block of a transformer net-

work. The self-attention mechanism finds the similarity between the input sequence.

The idea is to create context-aware vectors by transforming the input vectors into

their own queries, keys, and values and applying the generalized attention mechanism.

Simply put, the queries, keys, and values are computed on in the same sequence un-

like in the initially introduced attention mechanisms where the query is computed on

the decoder values and keys on the encoder values.

Self-attention-based networks are superior to RNN(s) or attention-based networks

with RNN(s) because they eliminate the need for a base seq2seq model like RNN(s)

before computing attention. The attention mechanism can be performed directly on

the input data sequence so parallelization is possible while eliminating the long-term

dependence problems of RNNs and other problems that arise from long sequences

and it can also effectively manage variable length input sequences.

A basic transformer block is made up of four main sub-modules which are: multi-

head attention (MHA), positional encoding, layer norm and skip connections, and

feed-forward neural network layers. Figure 4.2 shows the modules that make up a

single transformer block.

1. The multi-head attention: The multi-head attention is concatenated multi-

ple attention heads so that each attention head can pay attention to different

parts of the input sequence. Single-head attention can also be computed in two

(2) major steps; compute the queries, keys, and values from the input sequence,

and use the scaled-dot product attention mechanism. The scaled-dot product is

done by computing the dot products of the query with the keys, dividing each

by
√
dk, and applying the softmax function to obtain the attention weights.

The queries, keys, and values can be computed as:
qi = W (Q)Txi

ki = W (K)Txi for i = 1...T

vi = W (V )Txi

(4.5)

where, qi is the query, ki the key and vi the value at a given time step and

W (Q)T , W (K)T , W (V )T are trainable parameters.

With W (Q)T , W (K)T , W (V )T , the scaled dot product equation can be computed
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Figure 4.2: A Single Transformer Block.

as,

Attention(Q,K, V ) = softmax(
QKT

√
dk

)V (4.6)

where
√
dk is the dimension of the key vector k and query vector q .

Multi-head attention (MHA) can be computed as,

MultiHead(Q,K, V ) = Concat(head1, ..., headh)WA (4.7)

2. Positional Encoding: As earlier stated, sequential data is a type of data

in which order matters. However, after performing self-attention on the in-

put sequence, the sequence is randomly rearranged commonly referred to as
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“permutation invariant”, so, to keep the data sequence in order, position

encodings are used to add positional information to the input.

3. Layer normalization and skip connections: The output of the multi-head

attention (MHA) is fed to a layer normalization layer after adding skip connec-

tions to the MHA output. The skip connections are used to help the network

learn better the same way it was applied in convolutional neural networks like

RESNET. It was observed that merely adding more layers to a neural network

does not improve the performance instead it degrades it, so, explicitly adding

identity layers such that the networks need to learn only residual representations

makes the network perform better.

4. Fully connected layer: Many fully connected layers can be stacked together

after the MHA block with skip connections and layer norm.

Finally, three (3) main architectures can be developed from basic transformer

blocks. Just like in other seq2seq models, these architectures are generally referred

to as the encoder, decoder, and encoder-decoder architectures.

While unfortunately, the architecture nomenclature for LLMs is somewhat confusing,

the encoder-only architecture is an encoder and a decoder just not an auto-regressive

decoder, and the decoder architecture is an auto-regressive encoder-decoder and the

encoder-decoder network really means an encoder with an auto-regressive decoder. In

this work, an encoder architecture is developed and used for multi-variate time series

data prediction. The encoder architecture is simply a stack of transformer

blocks with a feed-forward neural network decoder as seen in Figure 4.3

below.

4.3 Data Preparation

In Chapter 2 above, the feature extraction, feature selection, and working regimen

data normalization data pre-processing stages have been extensively discussed. In

this section, data preparation refers to how the data is formatted, shaped, and fed to

the model for training and inferencing.

The way data is fed into a model can vary from one domain, application, or model to

another. This can also impact the performance of the model greatly. For instance, if

the data is independently and identically distributed (iid), the input is prepared in a
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Figure 4.3: An Encoder Architecture.

tabular manner with two dimensions, N ∗ D where N is the number of data points

and D is the number of features. Time series data input X can also be conveniently

formatted to have shape N ∗ D. However, this will not usually result in a good

performance because one of the ways of enforcing stationarity in time series data is to

use a sliding window to wrap portions of the data points for a constant time window.

The most preferred format and effect of this way of formatting time series data are

further discussed below.
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As earlier mentioned, because time series data is not iid, it does not have strong-

sense stationarity (i.e., the distribution in your stochastic process does not change

over time). This affects the way time series data is formatted for use in ML models. To

obey the strict assumption that a model can only learn if the data points are iid, non-

stationary data are often transformed to become stationary. This is achieved by using

a weaker form of stationarity commonly employed in signal processing and time series

data analysis known as weak-sense stationarity or covariance stationarity.

The weak-sense stationarity implies that the mean and autocovariance don’t change

over time. The mean at time t should be the same as the mean at time t+ τ for all τ ,

and the autocovariance for some random variable Y at time t1 and another random

variable Y at time t2 is only a function of the difference between t1 and t2 and only

needs to be indexed by one variable, τ rather than two variables. This equivalently

implies that the autocorrelation depends only on τ = t1 – t2. That is, suppose I take

a window of constant length, say t = 20 and I pick any two time points in the series,

if the time difference, τ is the same, and the covariance is the same, then the data

is weak-sense stationary. The relationship between these points in the time series

remains constant no matter where I look as long as they are the same distance apart.

The weak sense stationarity mean and autocovariance equations can be computed as

equations 4.8 and 4.9 respectively.

µy(t) = µy(t + τ)and for all τ (4.8)

Kyy(t1, t2) = Kyy(t1 = t2, 0)and for all t1, t2 (4.9)

In time series data analysis, to make the data stationary, the choice of τ is very

important, and it is usually chosen empirically in ML applications. In this work, two

input data formatting methods were experimented with. 1) Constant time window

length. 2) Increasing time window length.

1. Constant Time Window Length: A sliding window with a constant length

and a step size of 1, is used to wrap subsets of the datasets. The time series

data input into the transformer is formatted as 3-dimensional data of shape

N ∗T ∗D, where N is the number of data points, T is the sequence length, and

D is the data dimension or size of the feature space. Different window lengths

were tried, {2,5,10,20,30} and widow length, T = 20 was chosen because it gave

the lowest loss on the validation set.
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A detail specific to sequence-to-sequence (seq2seq) modeling is how to deal

with varying-length sequences. When datasets of different sequence lengths are

considered, the shorter sequences are padded with zeros at the ends to match

the length of the longest pre-defined sequence. To ensure that these sequences

padded with zeros do not pose as a bottleneck when computing the attention

weights, padding masks are used to eliminate and remove their effect.

Figure 4.4 shows a schematic of how the sliding window works on time series

data.

Figure 4.4: Sliding window

2. Increasing time window length: In this method, a window of increasing

length is adopted. An initial minimum window length for every machine in-

stance is set to 5 for the initial data point, then, successive data points are

selected by using a window length that is constantly incremented by 1 step size

at every time step. Figure 4.5 shows how the data points are wrapped by the

expanding window.

The expanding window length method resulted in better prediction performance of

the model than the sliding window method of constant length as shown in Table 4.1

below. While keeping other hyperparameters constant, the transformer models were

trained from scratch five times, and the average RMSE and MAE errors from each
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Figure 4.5: Expanding window

model on the test set show that the expanding window method surpasses the constant

window length method for this given dataset by over 20% on both the RMSE and

MAE metrics.

Table 4.1: Experimenting with different window lengths table of Results.

Experiment Average RMSE Average MAE
Sliding Window 22.07 17.15
Expanding Window 18.027 14.17
Percentage Improvement (%) 22.44 21.05

This palpable improvement in the performance of the expanding window method

over the sliding window method can be tied to the nature of the degradation paths

of machines. One of the most used and well-accepted statistical distributions in reli-

ability engineering, the Weibull distribution introduced in 1939 by Waloddi Weibull

divides machine life stages into three, the early failure stage, the constant failure

stage, and the wear-out failure stage. With this understanding, the model’s aware-

ness of the initial stages of the machine’s life will help it to make better predictions

and that is what the expanding window method provides. Using a sliding window

makes the model lose sight of the initial stages of the machine degradation, it con-

fines the model’s decisions to only t-time steps behind at every point. Also, gradually

feeding an incremented sequence length to the model forces it to learn the underlying

degradation path of the machines while taking into consideration the initial or early
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failure stages if there be any for any given machine instance.

This method also makes predictions during inferencing more straightforward and

built into the model. For the prognostics use case, the test data also has varying

sequence lengths, this is because we should be able to determine the remaining useful

life of the machine at any time before its failure, be it after 2 days of operation or

after 50 days of operation. Using the expanding window length has helped the model

to learn to make good predictions with varying length input.

The input data also has the format N ∗T ∗D with T increasing from one data point to

the other for a given machine instance. To handle the varying length inputs into the

transformer model, the inputs with sequence lengths that are less than the maximum

sequence length which is 378 (the life length of the machine with the longest lifespan

in the training dataset) are padded with zeros to make all sequences in a batch have

same sequence length, T .

Finally, attention masks of shape N ∗ T are also passed as inputs to the encoder

transformer model. The attention masks are required because we do not want our

self-attention mechanism to pay any attention to the padded tokens/inputs as they

do not add any relevant information to the model. This is achieved by creating an

N ∗ T padding array mask for every data point and setting the sequences we want

the model to pay attention to one and the padded sequences in the input X to zero.

Figure 4.6 adapted from the paper “Attention is all you need” by [61], shows how

the self-attention mechanism is computed with an optional choice of attention masks

when working with varying-length input sequences. Finally, the target, Y must also

be considered and effectively passed into the model. In this model, the RUL is the

target or label. General machines don’t just fail abruptly, they usually first operate

normally if they are not subjected to early-stage failures, and they deteriorate in

some manner. So, following previous works [[74], [33], [32], [29], [35]] in literature, a

piece-wise RUL was employed rather than the actual RUL as seen in Figure 4.7.

Using the degradation profile and the lifetime distributions of all the machines in

the datasets, it was observed that the actual RUL label values RUL early ≥ 125 and

remain constant at the beginning and are assumed to degrade linearly until it fails.
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Figure 4.6: Scaled-Dot Product Attention Mechanism. Adapted from [61]

Figure 4.7: Rectified piecewise remaining useful life function.
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4.4 Encoder-Transformer Model Experimentation

and Hyperparameter Selection

Recall that in the “Attention is all you need” in [61], where transformers based solely

on self-attention mechanisms were introduced to dispense the need for recurrent and

convolution neural networks; the experiments were performed on machine translation

tasks. However, in this work, we aim to find ways to efficiently leverage transformer

models to make better predictions on time series data. To achieve this and trans-

fer knowledge from the NLP domain, it is expedient that while following the base

transformer architecture like using a self-attention mechanism and skip connections,

we also need to tailor some of the transformer modules to time series data. In this

section, we discuss the model-specific experimentations and hyperparameter tuning

process.

Model-specific Experimentation

Three model-specific experiments were conducted, layer normalization versus batch

normalization layers, and fixed versus learnable positional encodings. Three input

data transformation methods were also tested. After these experiments, the layers

and/or hyperparameters that gave the best results on the validation set based on the

above-mentioned evaluation metrics were used to train the final transformer network.

These experiments were carried out using an elimination method i.e. while keeping

the other layers of the encoder network and hyperparameters constant, the layers of

interest were tuned.

1. Layer vs Batch Normalization: For NLP applications as proposed in [61],

layer normalization is used after the multi-head attention and feed-forward net-

work layers leading to significant performance improvement over batch normal-

ization. But in this work, consistent with the results from [86], batch nor-

malization leads to better performance on time series data. Table 4.2 shows

the experimental results of batch normalization vs layer normalization on the

validation set.

There is an 18.6% performance improvement of the transformer model on the

scoring function metric and a 2.1% improvement on the RMSE metric on the

validation dataset. This improvement supports the claim of the authors in [86]

that batch normalization supersedes layer norm on time series data based on
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Table 4.2: Layer vs batch normalization experiment table of results.

Experiment Average RMSE Average MAE
Layer Normalization 331.32 18.16
Batch Normalization 279.37 17.79
Percentage Improvement (%) 18.60 2.08

the time series benchmark datasets they experimented upon.

2. Fixed vs Learnable Positional Encodings: The positional encodings can

be fixed or learnable parameters. The results in Table 4.3 show that fixed

positional encodings give better results than learnable encodings which is also

consistent with the results from the paper [4].

Table 4.3: Fixed vs learnable encodings experiment table of results.

Experiment Average RMSE Average MAE
Learnable Positional Encodings 304.23 18.51
Fixed Positional Encodings 270.47 16.96
Percentage Improvement (%) 12.48 9.12

There is a 12.5% performance improvement of the transformer model on the

scoring function metric and a 9.12% improvement on the RMSE metric on the

validation dataset when fixed encoding is used vs learnable encodings.

3. Input Data Transformations: In NLP, the input embedding layer converts

each token into embeddings, commonly referred to as embedding vectors. This

type of representation allows similar words to have similar embeddings. It is a

technique that allows individual tokens to be represented as real-valued vectors

and this technique is implemented in a way like neural networks, and hence the

technique is often lumped into the field of deep learning.

This approach of representing words as embedding vectors is considered one of

the key breakthroughs of deep learning on challenging NLP problems. For time

series problems, researchers try to adopt this idea by using linear projections or

1D convolution layers on the input data. According to [86], linearly projecting

the input data onto a d-dimensional vector space where d represents the dimen-

sion of the transformer model Dmodel rather than using the original input data

Dfeatures will result in a better performance.

In this work, experiments that involve using a linear transformation, convo-
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lution layers, and no initial transformations on the input data (i.e., Dmodel =

Dfeatures) were carried out and results show that using no transformations on

the input data gave significantly better results.

This result is intuitively reasonable because of the self-attention mechanisms

used in the encoder-transformer network. The self-attention mechanism is es-

sentially a combination of dot products on sequences from the same data. The

premise is, the dot product is a measure of similarity, the values of the dot

product are large when two vectors are similar and low when the vectors are

dissimilar. In time series data prediction, we leverage the autocorrelation be-

tween the features to make predictions and the dot product is analogous to

correlation, so using the multi-head self-attention mechanism directly on the

input data can find the autocorrelations in the multi-dimensional vector space

resulting in the model learning better from the data directly.

Table 4.4 shows the result of these experiments on the validation set.

After performing these experiments, batch normalization, fixed positional en-

Table 4.4: Different input data transformation methods experiment table of results.

Experiment Average RMSE Average MAE
1D-CNN 394.028 19.53
Linear Transformation 349.19 18.57
No Input Data Transformation 331.32 18.16

coding and not performing any initial transformations on the input data resulted

in better model predictions.

The results from the model-specific experiments also validate the recommen-

dations in [86] on using batch normalization instead of layer normalization for

time-series data but contrary to the results from [86] about performing a linear

projection of the input data before the multi-head attention layer, it did not

result in a better performance on this dataset.

Hyperparameter Selection

The main hyperparameters in an encoder transformer model are the number of trans-

former blocks in the encoder, the number of self-attention heads in each transformer

block, the dropout rate, and the loss functions. These were tuned and Table 4.5 shows

the best hyperparameters selected through cross-validation on the validation set for

this work.
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Table 4.5: Best hyperparameters for the Encoder-Transformer architecture.

Parameter Value
dim model 14
dim FFW 256
num heads 7
num transformer blocks 3
dropout rate 0.4
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Chapter 5

Evaluation, Analysis, and

Comparisons

The proposed supervised learning-based SBM model, the Transformer-Assisted SBM,

the improved unsupervised learning-based SBM model with the PCA algorithm, and

The Encoder-Transformer models are evaluated on the test dataset using the prede-

fined evaluation metrics in this chapter. All the models were developed using the

NVIDIA Tesla P100 GPU with 16GB memory.

The predicted RUL values are analyzed and compared with the true RUL values. Sec-

tion 5.1 focuses on the evaluation and analysis of the similarity-based models that are

developed in this work while section 5.2 focuses on the direct approximate method.

At the end of this chapter, the RMSE and score function values of these models on

the test dataset are compared with other state-of-the-art models in the literature.

5.1 Similarity-based Models Evaluation and Anal-

ysis

5.1.1 The Transformer-Assisted SBM.

In the experiments carried out, the curve fitting process was not executed. The

approximated HI-values were used directly to develop the similarity-based models.

The proposed Transformer-Assisted SBM, based on the transformer HI-construction

model was developed and evaluated on the test dataset. The RMSE and score values

were evaluated on the test dataset with the maximal RUL max, 200. Table 5.1 shows
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the RMSE and score values for this model.

Table 5.1: RMSE and score values for the Transformer-Assisted SBM.

Model RMSE SCORE
Transformer-Assisted SBM 18.15 1959.65

5.1.2 An Improved Unsupervised Learning SBM with PCA

Just like in the supervised learning SBM, the curve-fitting process was excluded in

the final model. The final unsupervised learning model used to approximate the HI

values is the PCA, this is because it resulted in the best RMSE values across all the

RUL max values. The results are shown and analyzed below.

The RMSE and score values were evaluated on the test dataset with the maximal

RUL max, 200. Table 5.2 shows the RMSE and score values for this model.

Table 5.2: RMSE and score values for the unsupervised learning-based SBM with
PCA.

Model RMSE SCORE
Transformer-SBM 18.77 1556.28

5.1.3 Discussions

Visual Representation of the Transformer-Assisted SBM Performance On

Test Samples

Figure 5.1 shows the visual representations of the similarity-based model predictions,

the degradation profiles of the selected ensemble members using the Transformer-

Assisted SBM, and the test components’ degradation profile for some data samples

chosen at random.

The cyan line is the test component’s approximated HI values, the black is the ap-

proximated HI values for an outlier ensemble member with a dissimilar degradation

profile to the nearest neighbors. The other lines are the approximated HI values for

the k-nearest neighbors where k=10.

As seen it is in Figure 5.1, at the late-life stages of the machines which are depicted

by smaller true RUL values, the SB model’s predictions are very accurate. For the

test sample 9 shown in Figure 5.1a, the true RUL is 11 and the estimated RUL is 10,
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(a) Test sample 9 (b) Test sample 5

(c) Test sample 12 (d) Test sample 10

Figure 5.1: Visual representations of the SBM predictions.

this same behavior can be observed in Figure 5.1b where the predicted RUL tightly

tracks the true RUL values with a prediction error of only 1 day. Also, the SB model

favors early predictions more than late predictions which is the preferred behavior for

a prognostics model.

However, the typical behavior of SBM models at the early life stages, depicted by the

large true RUL values, is shown in Figures 5.1c and 5.1d for test samples 10 and 12

respectively. The error band is loose and the predicted RUL values do not track the

true RUL values as tightly as it does in the late-life stages.

Model Approximated HI Values Representations

To visualize the approximated HI values and access the efficacy of each supervised

and unsupervised machine learning model used in this work, the approximated health

indices for the first ten training instances were plotted.
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(a) Linear degradation model (b) Linear regression model

(c) CNN model (d) Encoder-transformer model

Figure 5.2: Approximated HI values for the supervised learning models.

Figure 5.2a shows the original linear degradation model that was approximated by

the supervised learning models. Figure 5.2 shows the approximated HI values for the

different supervised learning models and figure 5.3 for unsupervised learning models.

From the sub-figures of 5.2, we can immediately see how well each model was able to

approximate the linear degradation model. The linear regression model was not able

to approximate the linear degradation model well, however, it learned a representa-

tion that actually resembles the degradation profile of the machine more, where the

degradation does not begin instantly. This visualization also gives insights into why

the winning model in the PHM08 competition was able to still perform exceptionally

even though they used a linear regression model for the HI values approximation. The

CNN model approximations have a more meandering curve but it follows a more lin-

ear path than the linear regression model. As mentioned earlier, transformers are very

complex models that have achieved tremendous results in LLMs and the transformer

model plot shows the efficacy of this model in learning complex representations.
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The approximated HI values produced by the transformer model show the closest

approximation to the linear model. So even though a linear degradation model is

not the best assumption for the degradation path of the machine(s), being able to

accurately approximate the linear model resulted in exceptional behavior.

(a) PCA model (b) FAE model

Figure 5.3: Approximated HI values for the unsupervised learning models.

The sub-figures of 5.3 for unsupervised learning representations show very interest-

ing plots. The PCA plot has an upward trend while the fully-connected autoencoder

plot has a downward trend. This difference in trend directions can be attributed to

the type of model used. PCAs are linear models and the best dimensions that retain

the highest variance that can be modeled by a linear model are learned. Another

interesting part of the PCA plot is its similarity with the linear regression plot just

with an upward trend, this similarity in trend is linked to the fact that they are both

linear models.

The FAE model HI value representations for the first neuron of the latent space show

a very interesting result. It can be observed from the FAE plot that just as we ob-

served through data analysis, the machine does not follow a linear degradation path.

The degradation does not begin at the early stages of the machine’s life and the dif-

ference in the degradation profiles can only really be observed towards the end of life.

This attribute makes it difficult for prognostics models, both similarity-based and

direct approximation models to make good predictions at the early life stages of the

machines.
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Main Points - Similarity-base Models

1. The similarity-based model is a combination of a prognostics and a condition

monitoring model. The health indices can be used as a single value representa-

tion of the machine’s condition at any given time and this value can be used to

monitor the machine in real-time.

2. The health index representations learned by unsupervised learning models can

give us a better idea of the degradation path of the machine.

3. Some of the benefits of the similarity-based model over the direct approximation

model are:

(a) Similarity-based models can be used as condition monitoring and degra-

dation modeling tool.

(b) The health indices are simply the conditions of the machines. They rep-

resent the degradation levels and these values can be used directly as the

reinforcement learning model state representations.

(c) It is explainable: One of the major drawbacks of the direct approxima-

tion prognostics model is its unexplainability because they use black box

models. SBMs are easily explainable and the reasoning behind the model

estimations can be easily accessed.

(d) Finally, SBMs can still be used even when there are no targets. Similarity-

based models are very intuitive.

4. Similarity-based model for prognostics also has some disadvantages:

(a) It has so many methods and stages of development. The hyper-parameter

space can quickly grow exponentially.

(b) The space requirement is high. Because the training instances library is

required during evaluation, unlike direct approximation models.

(c) Time complexity: As the number of training samples or ensemble mem-

bers increases, the space requirement also increases. It has a linear time

complexity of 0(N). This also affects the prediction speed, as the samples

grow, the prediction time gets longer.
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5.2 Encoder-Transformer-based Model Results

Visual Representation of Predicted vs True RULs

To evaluate this model, the RUL predictions on a set of engine units picked randomly

from the validation set are plotted in Figure 5.4. Figure 5.5 shows the smoothed

versions of these plots, we can see that the estimated RULs also have the same

downward trend as the true RULs after RUL early till failure. The predicted RUL

tracks the true RUL very closely at every time step. Also, the predicted RULs at the

early life are near to the constant RUL early at the beginning of the unit life.

True vs Predicted RUL Error Statistical Analysis

Finally, some descriptive statistics of the RUL errors (true minus predicted RULs)

were conducted. Histogram, box, and probability distribution plots for the errors

between the true and the predicted RULs were plotted in Figures 5.6a and 5.6b.

The mean, median, and mode are represented with cyan, red, and yellow dashed

lines on the histogram plot while the maximum and minimum RUL values are rep-

resented with grey dashed lines. Table 5.3 below shows the mean, mode, median,

skewness coefficient, and standard deviation of the RUL errors.

From the histogram and probability distribution plots, we can clearly see that the

errors are left skewed which means there are probably outliers on the lower bound of

the data distribution. The box plot below clearly shows that. Due to the outliers on

the lower bound, the mean is shifted to the left of the median or Q3-Q2 < Q2-Q1.

The intensity of skewness shows how much deviation the probability distribution is

from a normal probability distribution and if the distribution can be adequately rep-

resented with the mean and standard deviation. The Pearson coefficient of skewness

was used to check the degree of skewness the coefficient of skew is -0.74 which means

it is moderately left skewed. It is > -1 so the distribution is not badly skewed.

Because the data is moderately skewed, the error population is represented

with the median and standard deviation of the RUL errors.

5.3 Comparison of Results

Finally, the performance of the proposed models was evaluated on the test dataset

with the RMSE, and score function metrics were compared with the results from other

state-of-the-art models in the literature. The proposed Encoder-Transformer model
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(a) Prediction result of engine 205

(b) Prediction result of engine 246

Figure 5.4: Prediction results of two engines in the validation datasets.
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(a) Prediction result of engine 205b

(b) Prediction result of engine 246b

Figure 5.5: Prediction results of two engines in the validation datasets + smoothing.

using the direct approximation method in this work surpasses all the other models

it was compared with. It surpassed the improved similarity-based models developed

in this work and the other 14 state-of-the-art models it was compared within the

literature.
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(a) Histogram and Box plots of RUL errors.

(b) Probability distribution of RUL errors.

Figure 5.6: Descriptive statistics table for RUL error plots.

Table 5.3: Descriptive statistics table for RUL errors.

Statistics Values
Mean 0.09
Median 4.85
Mode -54.76
Std 16.9
Skew coefficient -0.75
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A percentage performance increase of 45.5% on the score function was achieved

over the second-best model in literature [74]. More importantly, it should be noted

that this is not the first transformer model that has been used on this dataset. Larger

and more complex transformer models such as the encoder-decoder model with inputs

that have been transformed with convolutional layers in [74] and encoder-decoder +

CNN with channel attention models in [35] have been used and from the results this

did not greatly improve the performance of the network.

This observation lays emphasis on the experimental results from using different

input data transformation methods that using the time series data as it is without

any transformations gives better results, it also proves that having a larger model

does not necessarily guarantee a better result on the unseen dataset. However, this

result is also a precursor to future improvements that can be made to this model, a

larger and more complex encoder-decoder network containing more parameters can

be used in the future with the current setup, and better results are hypothetically

expected.

The exceeding performance of the encoder-transformer model does not completely

rule out the improved similarity-based models developed in this work. As it is seen

in Table 5.4, the improved unsupervised learning-based SBM with PCA developed

in this work surpassed the other state-of-the-art counterparts in the literature with

more sophisticated autoencoder models. More interestingly, it ranks second amongst

the other 14 state-of-the-art models it was compared with. This shows the effective-

ness of similarity-based models for RUL prediction tasks and other domains it can be

applied to.

This result also shows that the complexity of the autoencoder model does not directly

translate to a better similarity-based model.

The result of the supervised learning-based model proposed in this work, even

though it does not surpass the result of the improved unsupervised learning model

with PCA also developed in this work, shows a very competitive result. It ranks

fourth amongst all the state-of-the-art models it was compared with. This asserts the

claim that the complexity of the supervised learning model and how well it behaves

on unseen datasets can improve the performance of the similarity-based model. This

also suggests that this is a method worth researching further, researchers have not
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paid attention to the supervised learning method of HI construction but these results

show that it is an area worth researching.

To summarize, the models developed in this work rank first, second, and fourth

best amongst the other 14 state-of-the-art models they were compared with including

the other transformer models in the literature.

Table 5.4: Performance comparison with other models.

Category Models RMSE Score
SBM RNN Autoencoders [18] 2650 19.59

BI-RNN Autoencoders [82] 3099 22.07
USL-Best (PCA-SBM) 1556.28 18.77
SL-Best (Transformer-Assisted SBM) 1959.65 18.15

Direct Apprx HMC [5] 19400 20.74
CNN [56] 13570 30.29
DCNN [30] 10412 22.36
MODBNE [88] 5585 25.05
LSTM-FNN [95] 4450 24.49
CatBoost [11] 3493.2 15.8
RBM-LSTM-FNN [13] 3366 22.73
DFC-LSTM [63] 3296.3 20.3
Auto-encoder [85] 2650 19.59

Transformers GCU-Transformer [89] N/A 22.81
BI-GRU-TSAM [41] 2264 18.94
Double-Attention-based architecture [35] 1575 17.08
Encoder transformer (this work) 1081.878 16.96

Finally, the true versus predicted RUL values on the test dataset are plotted in

Figure 5.7.
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Figure 5.7: True RUL vs Predicted RUL on test dataset.
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Chapter 6

Conclusions and Future Works

In this thesis, the two main machine-learning-based methods of remaining useful

life (RUL) prediction, the similarity-based and direct approximation methods were

investigated, optimized, developed, and compared against each other and other state-

of-the-art models in the literature.

A sequential approach through experimentation was used to optimize every stage of

the development process of similarity-based models (SBM) for remaining useful life

prediction. Using a bottom-up approach, the best methods amongst the most com-

monly used methods in the literature for the second stage of an SBM development

process were found. Also, drawing ideas from a scalable, high-performing RUL fusion

method in the literature, the softmax-weighted sum RUL fusion method was pro-

posed, developed, and evaluated on the validation dataset. Compared to the RUL

fusion method proposed in [57] it resulted in lower remaining useful life errors.

For the health index construction stage, a novel supervised learning-based Transformer-

Assisted SBM and an improved unsupervised learning-based model with PCA were

developed. Finally, a novel direct approximation model, the Encoder-Transformer

model based on the self-attention mechanism is proposed and developed. This model

leverages Large Language Model (LLM) concepts for more efficient time series data

representation learning and prediction of remaining useful life.

These models were compared with twelve other state-of-the-art models in the litera-

ture on the reference dataset and the Encoder-Transformer models it was compared

with and ranking close to the best is the improved unsupervised learning-based model

with PCA model also developed in this work. The novel supervised learning-based

Transformer-Assisted SBM model ranked fourth position.
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The Encoder-Transformer model outranks the next best model it was compared

in the literature. It should be noted that this model also used a transformer architec-

ture with channel attention-based CNN. This exceeding performance of the proposed

model reinforces the benefit of the sequential approach of experimentation used in

this work.

Through experimentation, it was observed that using deep learning models to create

vector embeddings or transforming the inputs passed to the transformer model for

time series data resulted in a depreciated performance, so the performance witnessed

in this Encoder-Transformer model validates the result of this experiment. It also

proves that having a larger model does not necessarily guarantee a better result on

unseen datasets. This is because, with just the encoder architecture used in this

model, a very good performance was achieved. However, this result also shows how

future improvements can be made to this model. A larger and more complex encoder-

decoder network can be used in the future with the current setup, and better results

are expected.

The sequential approach used in this work also helps to acquire valuable insights

on how to improve similarity-based models. These insights were used to develop im-

proved and novel similarity-based models. More importantly, the insights drawn from

the experiments suggest areas of relevant future work

The results show the efficacy of similarity-based models. However, it can be ob-

served that because the SBM development stage where the estimated RUL values

are generated is separated from the function approximation stage, the model is not

specifically trained to minimize the RUL prediction errors. The cost function is not

formulated and minimized based on the actual output. To cater to this, reinforcement

learning-assisted deep learning models which include the actual RUL output in the

reward formulation can be used to improve similarity-based models. This is an area

of future work that has not yet been explored in the field of prognostics and health

management before.

Also, the results from using different unsupervised-learning models of varying com-

plexities for the HI construction do not support the claim that more complex models

result in better similarity-based models. From the experiment, the PCA, a linear
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autoencoder model resulted in lower RUL errors compared with the fully-connected

and convolutional autoencoder. This also calls for more research into the reason be-

hind this behavior. How these encoded embeddings can be efficiently translated to

HI values that result in better performance of similarity-based models is an area of

future work.

Finally, the supervised learning-based HI construction method has not been ex-

plored in literature, aside from [65] which motivated the approach. This work is the

first to explore the supervised learning HI construction method to the best knowl-

edge of this author at the time this work was done. The results obtained from the

Transformer-Assisted similarity-based model show tremendous potential and it is an

area worth researching further.
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Appendix A

Additional Information

Reference table containing a summary of the state representations of

all reviewed publications in the Reinforcement and Deep Reinforcement

Learning-based Solutions for Machine Maintenance Planning, Scheduling

Policies, and Optimization Manuscript.

Table A.1: Reference Table containing a summary of all reviewed papers

Ref No System Degradation Model/State Representation

[69] Multi unit Gamma distribution

[73] Single unit Exponential distribution

[62] Multi unit Assumed PHM capabilities (RUL)

[25] Multi unit Weibull distribution

[21] Multi unit Data-driven relablilty model

[90] Multi unit Gamma and Poisson distribution

[38] Multi unit Weibull distribution

[80] Multi unit Gamma and Poisson distribution

[45] Single unit Exponential distribution

[1] Single unit Gaussian distribution

[3] Multi unit Assumed failure probability

[91] Single unit Weiner process and Prognostics(RUL)

[48] Multi unit Exponential distribution

[60] Multi unit Weibull distribution

[81] Multi unit Gamma and Poisson distribution

[94] Single unit Gamma distribution

[14] Multi unit Markov discretized process

[53] Multi unit Weibull distribution

[75] Multi unit Randomly triggered

[76] Single unit Linear function

[64] Single unit Markov discretized process

[96] Multi unit Gamma distribution

[19] Multi unit Assumed failure probability
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Table A.1 – Continued from previous page

Ref No System Degradation Model/State Representation

[52] Multi unit Assumed PHM capabilities (RUL)

[8] Multi unit Exponential distribution

[70] Multi unit Markov discretized process

[9] Multi unit Assumed PHM capabilities (RUL)

[58] Multi unit Known failure rates

[39] Single unit Poisson distribution

[78] Multi unit Reliability model

[44] Multi unit Equipment degradation behaviour from data

[49] Multi unit Assumed PHM capabilities (RUL)

[47] Single unit Weiner process

[43] Multi unit Equipment degradation behaviour from data

[20] Single unit Assumed PHM capabilities (RUL)

[55] Multi unit Markov discretized process

[2] Multi unit Equipment degradation behaviour from data

[51] Single unit Not specified

[31] Single unit Markov discretized process

[72] Multi unit Capacity degradation model

[77] Single unit Markov discretized process

[46] Multi unit Markov discretized process

[28] Multi unit Markov discretized proces

[22] Multi unit Data driven relablilty model

[24] Single unit Uniformly distribution & Linear function

[16] Multi unit Markov discretized process

[26] Multi unit Markov discretized process

[92] Multi unit Predefined discrete state markov process and gamma distribution

[71] Single unit Data-driven prognostics algorithm - supervised learning regressor

[54] Multi unit Not required

[27] Single unit Data-driven prognostics algorithm-CNN with Monte Carlo dropout

[7] Multi unit Poisson distribution

[50] Single unit Markov discretized process

[15] Multi unit Weibull distribution

[6] Multi unit Random process

[68] Multi unit Gamma distribution

[87] Multi unit Weibull and Gamma distribution

[36] Multi unit Weibull distribution

[93] Single unit Not required

[12] Multi unit RUL prediction



94

Appendix B

Additional Information

Experimenting with the effect of changing the time window length, L when

estimating the RUL at different lifetime percentages (pct) and different

HI approximation techniques

Table B.1: The effect of changing the time window length, L when estimating the
RUL at different lifetime percentages (pct) on the base model experimentation results.

L RMSE SCORE
50% 70% 90% 50% 70% 90%

1.5 3.26 2.26 0.35 0.77 0.51 0.05
3 3.26 2.26 0.35 0.77 0.51 0.05

Full 3.26 2.26 0.35 0.77 0.51 0.05

Table B.2: The effect of changing the time window length, L when estimating the
RUL at different lifetime percentages (pct) on the HI constructed with feed-forward
NN experimentation results.

L RMSE SCORE
50% 70% 90% 50% 70% 90%

1.5 21.3 14.2 4.60 9.40 3.90 0.60
2 21.3 12.8 7.40 9.40 3.20 1.20
3 17.8 12.1 6.40 6.20 2.90 1.00
4 20.6 12.1 6.70 8.70 2.90 1.10
5 20.6 10.4 6.00 8.70 2.30 0.90

Full 17.8 7.20 4.20 6.20 1.40 0.60
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Table B.3: Experimenting with the effect of changing the time window length, L when
estimating the RUL at different lifetime percentages (pct) on the HI constructed with
PCA.

L RMSE SCORE
50% 70% 90% 50% 70% 90%

1.5 21.7 19.5 10.3 9.80 7.50 2.10
2 19.6 19.5 9.20 7.60 7.50 1.70
3 23.1 19.8 8.80 11.5 7.80 1.60
4 22.0 16.3 8.80 10.2 5.10 1.60
5 22.0 15.6 9.20 10.2 4.70 1.70

Full 18.9 14.6 10.3 7.00 4.10 2.10
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Appendix C

Additional Information

Developed ML Model Hyperparameters Tables

Table C.1: Tuned hyperparameters for the fully-connected ANN model.

Hyperparameters Value
No of layers 2
No of neurons in layer 1 32
No of neurons in layer 2 32
Activation function relu
Optimizer ADAM
Loss function MSE
Learning rate 0.001
Regularization rate layer 1 , 2 0.00, 0.003
r2-score 0.73

Table C.2: Tuned hyperparameters for the multi-tail ANN model.

Hyperparameters Value
No of tails 8
No of layers/tail 1
No of neurons in all layer 5
No of neurons in output layer 16
Activation function relu
Optimizer ADAM
Loss function MSE
Learning rate 0.001
r2-score 0.52
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Table C.3: Tuned hyperparameters for the CNN model.

Hyperparameters Value
No of convolutional layers 2
No of filters in layer 1 32
No of filters in layer 2 64
Filter size 3
No of neurons in output layer 16
Activation function relu
Optimizer ADAM
Loss function MSE
Learning rate 0.001
Dropout rate 0.4
r2-score 0.77

Table C.4: Tuned hyperparameters for the LSTM model.

Hyperparameters Value
No of LSTM layers 3
No of neurons in layer 1 32
No of neurons in layer 2 24
No of neurons in layer 3 16
Activation function tanh
Optimizer ADAM
Loss function MSE
Learning rate 0.001
r2-score 0.55

Table C.5: Tuned hyperparameters for the fully-connected autoencoder model.

Hyperparameters Value
Latent dim 3
No of encoder layers 1
No of decoder layers 1
No of neurons in encoder and decoder 5
Activation function relu
Optimizer ADAM
Loss function MSE
Learning rate 0.001
r2-score 0.83
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Table C.6: Tuned hyperparameters for the CAE model.

Hyperparameters Value
Latent dim 3
No of encoder conv layers 2
No of decoder conv layers 2
No of filters in encoder and decoder layer 1 32
No of filters in encoder and decoder layer 2 64
Filter size 3
Activation function relu
Optimizer ADAM
Loss function MSE
Learning rate 0.001
Dropout rate 0.4
r2-score 0.94
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