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SYNTHETIC DATA-DRIVEN PREDICTIVE MAINTENANCE FOR
COMPUTED TOMOGRAPHY SCAN MACHINE USING NEURAL
NETWORK

By

MOHAMMAD HABIB SHAH ERSHAD BIN MOHD AZRUL SHAZRIL

January 2025

Chairman  : Associate Professor Syamsiah binti Mashohor, PhD

Faculty : Engineering

The absence of abnormal data in predictive maintenance (PdM) for CT scan machines
poses significant challenges, particularly in identifying crucial condition indicators,
estimating health indices, and modeling degradation patterns necessary for predicting
machine failures and remaining useful life. These limitations hinder the development
of robust PAM models capable of effectively detecting anomalies and predicting
failures in critical medical equipment. To address these challenges, this study aims to
apply the Mahalanobis Distance (MD) method to analyze the real IoT sensor data
collected from CT scan machines for detecting anomalies. A critical MD threshold
value of 3.5485, corresponding to a 95% confidence level, was used to identify
abnormal data points. Following the anomaly detection, synthetic abnormal data is
generated using two methods which are Noise Addition (NA) and Tabular Generative
Adversarial Networks (TGAN). The study aims to assess the reliability of the
generated synthetic data and evaluate the performance of machine learning (ML)
models in classifying anomalies for PdM in CT scan machines. An Artificial Neural

Network (ANN) was employed to classify the normal and abnormal including real and



synthetic data. The results showed that the NA method achieved a classification
accuracy of 98.64%, while the TGAN method demonstrated a higher accuracy of
99.53%. Additionally, TGAN-generated data closely resembled real-world anomalies,
resulting in superior performance metrics such as 100% for precision, recall, and F1-
scores, with fewer misclassifications. In conclusion, TGAN proved to be a more
reliable approach for generating synthetic data and improving PdM model
performance, particularly in situations where real abnormal data is limited. These
findings highlight the importance of advanced data generation techniques like TGAN
in enhancing the accuracy, reliability, and robustness of predictive maintenance

systems for CT scan machines.

Keywords: Anomaly Detection, Mahalanobis Distance, Synthetic data, Noise,
TGAN, ANN, Predictive Maintenance, [oT, CT scan machine, Machine Learning

SDG: GOAL 3: Good Health and Well-being, GOAL 9: Industry, Innovation and
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RAMALAN PENYELENGGARAAN BERASASKAN DATA SINTETIK
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Ketiadaan data abnormal dalam ramalan penyelenggaraan (PdM) bagi mesin imbasan
CT menimbulkan cabaran yang besar, terutamanya dalam mengenal pasti penunjuk
keadaan yang kritikal, menganggarkan indeks kesihatan, dan memodelkan corak
kemerosotan yang diperlukan untuk meramal kegagalan mesin dan jangka hayat yang
kegunaan yang masih ada. Kekurangan ini menghalang pembangunan model PdM
yang kukuh yang mampu mengesan kelainan dan meramal kegagalan dalam peralatan
perubatan yang penting secara efektif. Untuk mengatasi cabaran tersebut, kajian ini
bertujuan untuk mengaplikasikan kaedah Jarak Mahalanobis (D) untuk menganalisis
data sensor /oT sebenar yang dikumpul dari mesin imbasan C7 untuk mengesan
kelainan. Nilai ambang kritikal MD ditetapkan pada 3.5485, yang menggunakan tahap
keyakinan 95%, untuk mengenal pasti titik data tidak normal. Selepas pengesanan
kelainan, data sintetik tidak normal dijana menggunakan dua kaedah, iaitu
Penambahan Hingar (NA) dan Rangkaian Adversarial Generatif Tabular (7GAN).

Kajian ini bertujuan untuk menilai kebolehpercayaan data sintetik yang dihasilkan dan



menilai prestasi model pembelajaran mesin dalam mengklasifikasikan kelainan untuk
PdM dalam mesin imbasan C7. Sebuah Rangkaian Neural Buatan (ANN) digunakan
untuk mengklasifikasikan data normal dan tidak normal termasuk data sebenar dan
sintetik. Keputusan menunjukkan bahawa kaedah N4 mencapai ketepatan klasifikasi
sebanyak 98.64%, sementara kaedah TGAN menunjukkan ketepatan yang lebih tinggi,
iaitu 99.53%. Selain itu, data yang dihasilkan oleh TGAN lebih menyerupai kelainan
dunia sebenar, yang menghasilkan metrik prestasi yang lebih unggul seperti ketepatan,
kepekaan, dan skor F1 sebanyak 100%, dengan lebih sedikit kesilapan
pengklasifikasian. Kesimpulannya, 7TGAN terbukti sebagai pendekatan yang lebih
boleh dipercayai untuk menghasilkan data sintetik dan meningkatkan prestasi model
PdM, terutama dalam situasi di mana data tidak normal yang sebenar terhad.
Penemuan ini menekankan pentingnya teknik penjanaan data canggih seperti TGAN
dalam meningkatkan ketepatan, kebolehpercayaan, dan kekuatan sistem

penyelenggaraan ramalan bagi mesin imbasan CT.

Kata Kunci: Pengesahan Anomali, Jarak Mahalanobis, Data sintetik, Hingar, TGAN,
ANN, Ramalan penyelenggaraan, loT, Mesin imbasan CT, Pembelajaran mesin
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Industri, Inovasi, dan Infrastruktur, MATLAMAT 12: Penggunaan dan Pengeluaran
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CHAPTER 1

INTRODUCTION

1.1  Research Background

Computed Tomography (CT) scan machines are crucial medical imaging devices that
use X-rays and computer technology to produce detailed cross-sectional images. They
play a key role in modern healthcare by enabling accurate diagnoses, guiding treatment
decisions, and supporting preventive medicine through early detection, especially in
cancer screening (P. R. Patel & De Jesus, 2023). The CT scans generate images in the
Digital Imaging and Communications in Medicine (DICOM) format, which allows for
easy storage and sharing of medical data (see Figure 1.1), and improving diagnostic
efficiency (Abdillah et al., 2017). For example, the CT imaging is widely used in
hospitals which it hold great potential for early disease detection particularly in thorax

body part (Shah et al, 2021).

The integration of Internet of Things (IoT) sensors in CT scan machines is crucial for
improving maintenance strategies by providing real-time monitoring and data
collection on critical machine parameters. These sensors continuously monitor
variable factors such as machine performance and environmental conditions, offering
valuable insights into the operational state of the equipment. This constant stream of
data enables early detection of anomalies, allowing maintenance teams to address
potential issues before they result in costly breakdowns or downtime (Ayvaz & Alpay,
2021; Ong et al., 2022). By leveraging the data gathered from IoT sensors, healthcare

facilities can enhance the reliability of their CT scanners, ensuring uninterrupted



operation and optimal performance, which is essential in environments where

equipment precision and uptime are critical.

CT scan images

Ca)

" R
[ —

COVID

negative

oo
S
| NS
COVID
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CT scan machine

Figure 1.1: The flow diagram of the CT scan system screening a patient (Shah et
al., 2021).

The use of synthetic data (SD) is equally important in predictive maintenance (PdM),
particularly when real-world data is scarce or imbalanced (Voronov et al., 2023). The
SD can be generated to simulate machine behavior, especially in cases where abnormal
or failure data is limited. This allows for the development and training of predictive
models capable of recognizing rare or critical failure patterns. By incorporating SD,
maintenance systems can be made more comprehensive and effective, even when
actual failure occurrences are infrequent. The inclusion of SD helps ensure that PdAM
models can function accurately, leading to better predictions and improved system
reliability (Patwardhan et al., 2016). This is especially valuable in industries like
healthcare, where equipment failures are not only costly but can also impact patient

care.

PdM is vital for ensuring the reliability and efficiency of CT scan machines by

detecting issues before they lead to system failures. Unlike preventative maintenance,



which follows a strict schedule, PAM leverages real-time data from IoT sensors to
monitor critical parameters allowing early detection of anomalies that signal potential
problems (Einabadi et al., 2023). Machine learning models can analyze this data,
classifying abnormalities and enabling timely interventions. By continuously
monitoring both the machine and environmental conditions, such as room temperature
and humidity, PAM reduces unscheduled downtime, optimizes machine performance,
and extends the equipment’s lifespan. This proactive approach is particularly
important for medical industries that rely on CT scanners daily, as it minimizes the

risk of failure while maintaining optimal operating conditions.

The combination of IoT sensors, SD and PdM techniques forms a powerful strategy
for maintaining CT scan machines. IoT sensors provide continuous real-time
monitoring of machine performance and environmental factors, while SD
compensates for the lack of sufficient real-world failure data. The PdM leverages these
data sources to predict and prevent potential failures, improving the overall reliability
and efficiency of CT scan machines. By adopting these technologies, medical
industries can ensure uninterrupted operation, minimize system downtime, and extend
the lifespan of their equipment, ultimately enhancing patient care and operational

efficiency.



1.2 Problem Statements

1. The absence of abnormal data in PdAM for CT scan machines presents a
significant challenge, as it restricts the ability to identify crucial condition
indicators, estimate the machine's health index, and model degradation patterns
essential for predicting failures and the remaining useful lifetime of the
equipment (Fathi et al., 2021). Without abnormal data, accurately modeling
failure patterns becomes difficult, resulting in ineffective maintenance
strategies and an increased risk of machine breakdowns, which could disrupt
critical medical services (Abdallah et al., 2023). Moreover, predictive models
specifically for CT scan machines rely heavily on abnormal data to detect early
signs of potential failure, making it challenging to train these models
effectively when such data is unavailable (Filios et al., 2023). This problem
occurs because routine maintenance practices often fail to capture data during
malfunctioning states, focusing instead on data from normal operations, which
limits the effectiveness of PAM strategies in capturing early warning signs of
critical breakdown types, such as mechanical wear, electronic failures, or

software glitches.

2. Even when abnormal data is available for PAM in CT scan machines, finding
an effective method to balance the dataset and mimic real-world conditions
remains a significant challenge. Due to the typically imbalanced nature of CT
scan machine maintenance data, with abnormal instances being rare,
conventional methods struggle to create a synthetic yet representative

distribution of abnormal data. Ensuring that generated SD accurately reflects



the complex patterns of real operational anomalies specific to CT scan
machines is critical for training robust machine learning models. However,
many existing techniques fail to replicate the nuanced variations found in
actual abnormal data from CT scan machines, leading to less reliable
predictions and a higher risk of undetected failures. Additionally, selecting
suitable SD generation models for CT scan machines 1is challenging due to
their varying strengths and weaknesses, which may lead to discrepancies
between synthetic and real data in specific applications (He, 2024). This makes
the process of effectively balancing and modeling abnormal data an ongoing
issue in PdM for CT scan machines. Creating synthetic data becomes essential
to simulate these rare but critical abnormal conditions, aiding in the
enhancement of maintenance strategies by allowing more comprehensive

training of predictive models.

Selecting an appropriate PAM model for CT scan machines is a complex task
due to the diverse characteristics of the dataset, such as the variability in sensor
data and the presence of anomalies. Different machine learning algorithms
excel in different scenarios, and the choice of model depends on the specific
learning objectives, such as whether the focus is on fault detection, remaining
useful life prediction, or anomaly classification for CT scan machines.
Moreover, there is a constant trade-off between achieving high accuracy and
maintaining interpretability, particularly in high-stakes environments like
healthcare, where understanding model outputs is crucial (Arena et al., 2024).
This makes it imperative to carefully assess and select models that not only

perform well but also provide actionable insights for PAM of CT scan



machines. Regular maintenance practices, typically involving routine checks
and component replacements, often overlook the integration of advanced
predictive analyses, which could preemptively address these failures by

anticipating them before they result in operational downtime.

1.3 Aim and Objectives

The aim of this project is to assess the reliability of synthetic abnormal data generated

for machine learning models. The objectives includes:

1. To analyze the real data and generate synthetic abnormal data using the

Mahalanobis Distance (MD) method for effective anomaly detection.

2. To generate synthetic abnormal data from real IoT sensor data collected from
CT scan machines using Noise Addition (NA) technique and Tabular

Generative Adversarial Networks (TGANS).

3. To design and evaluate the performance of the Artificial Neural Network

classification model of anomalies data for PdAM of CT scan machines.

1.4 Scope of Work

Throughout 2023, sensor data from a CT scan machine environment was collected
monthly for PAM purposes. The dataset includes six key features which are electrical
current, radiation levels, temperature, humidity, and vibration data from the X and Y
axes of the CT scan donut. Various IoT sensors were used for data collection, including
the Schneider PM5110 for current, the RAD-S101 for radiation, the AM103 for

temperature and humidity, and the MK926 MEMS for vibration. The data was
6



captured on a monthly basis to monitor machine performance, with time interpolation
techniques employed to address any missing values. The project will be implemented
using Python 3.9.18 on an ASUS TUF F17 laptop with an Nvidia GTX 1650 Ti GPU
and an AMD Ryzen 7 processor. The following versions of essential libraries will be
utilized: pandas 1.4.2 for data manipulation and preprocessing, matplotlib 3.5.2 and
seaborn 0.11.1 for data visualization, numpy 1.26.4 and scipy 1.13.1 for numerical
computations and scientific functions, and tensorflow 2.9.0 for building deep learning
models. The tabgan 2.0.5 library, specifically tabgan.sampler, will be used to generate
synthetic data, and scikit-learn (sklearn) 1.1.1 will be employed for machine learning
algorithms and model evaluation. Additionally, Jupyter 1.0.0 will be used for

interactive development and documentation.

The scope of work for this project encompasses using MD for anomaly detection, NA
and TGAN for generating synthetic data, and ANN for model prediction. The project
will initiate with data preparation, involving collection and preprocessing of data from
industrial sensors to ensure quality and consistency. Following this, MD will be
implemented to identify anomalies in the dataset, with established thresholds to
enhance detection accuracy. To address data limitations, particularly in
underrepresented conditions, NA will be applied to existing data points to simulate
variability, and TGAN will be employed to generate synthetic data that mirrors the
statistical properties of the original dataset. The synthetic data will be used to train an
ANN, designed with specific layers and activation functions suitable for the data
characteristics. The ANN will undergo training and validation, using techniques like
cross-validation to ensure the model generalizes well on unseen data. Model

performance will be evaluated using metrics such as accuracy, precision, and recall.



The deliverables will include a fully functional anomaly detection system, a synthetic
data generator, a trained predictive model, comprehensive documentation, and a final
report summarizing methodologies and findings. This approach ensures a good

predictive maintenance system that enhances operational reliability and efficiency.

1.5 Contribution of Thesis

The contributions of this thesis are multi-faceted and aimed at advancing PdM for CT
scan machines using machine learning and SD generation. First, this research
introduces a robust approach for detecting anomalies in [oT sensor data collected from
CT scan machines, leveraging MD to accurately classify normal and abnormal
conditions. Additionally, the thesis explores two methods for generating synthetic real
abnormal data which are NA and TGAN. By employing these methods, the research
addresses the issue of data imbalance. Finally, the study demonstrates the effectiveness
of both data generation techniques by evaluating them through an ANN model,
measuring performance metrics such as accuracy, precision, recall, Fl-score and
others. This research ultimately contributes to improved PdM models for CT scan
machines, ensuring early detection of potential failures and enhancing machine

reliability.

1.6 Thesis Outline

This thesis explores the generation of reliable SD for PAM of CT scan machines.

Chapter 1 introduces the study, outlining its objectives and significance. Chapter 2

reviews relevant literature on PdM, SD generation techniques, anomaly detection



methods using MD, and the application of ANNs. Chapter 3 details the research
methodology, including data collection, anomaly detection, SD generation and ANN
development. Chapter 4 presents the results and discussion, comparing the
effectiveness of the two SD generation methods and their impact on ANN performance
for PAM. Finally, Chapter 5 concludes the study, summarizing findings, contributions,

and recommendations for future research.



CHAPTER 2

LITERATURE REVIEW

21 Introduction

This literature review has been conducted to gather information regarding related
works on predictive maintenance (PdM) using IoT sensors and synthetic data (SD)
creation. The review of previous works includes all aspects of the methodology related
to numerical data processing for PAM. This chapter also reviews topics such as the

datasets, pre-processing, SD generation, and classification.

2.2 Predictive Maintenance on Industrial Machine

In this era Industrial Revolution 4.0 (IR4.0), most industries utilized machines to
enhance the quality and productivity of their products. The use of machines in industry
can save time and reduce the costs of hiring workers. However, when these machines
break down, it can hinder the growth of an industry. According to Abdelillah et al.
(2023), 1R4.0 has revolutionized manufacturing processes. This transformation is
achieved by utilizing advanced sensing and data analytics technologies. These
technologies enhance efficiency in manufacturing, with PdM playing a vital role. PAM
is crucial in ensuring the reliability and availability of production systems. Therefore,
some industries have adopted PdM as a measure to reduce the impacts caused by
machine breakdowns. PdM is a proactive approach that aims to predict potential
equipment failures before they occur, enabling timely interventions and minimizing

unplanned downtime (Alves et al., 2020). For example, Mourabit et al. (2020)
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developed a PAM model for semiconductor failures using a Multilayer Perceptron
(MLP) algorithm, achieving a good accuracy of 91.95%. Other than that, industries
like oil and gas also use PdM to ensure the machines and components are always in
the best condition. According to the research (Barrera et al., 2022), the clustering
algorithms and autoencoder was used for fault detection of gas turbines, achieving
96.45% accuracy for the test dataset and 94.88% for the synthetic dataset. PAM has
revolutionized various sectors by enabling proactive management of equipment and
systems, ensuring optimal performance and minimizing unexpected failures. This
technological advancement is particularly transformative in the medical industry,
where the reliability of diagnostic and therapeutic devices is critical to patient care.
The integration of PAM with the industrial Internet of Things (IoT) and advanced
analytics has further amplified its impact in the medical industry (Bukhsh &
Stipanovic, 2020). Table 2.1 shows the example of PdM in the medical industry.
Through these examples, it is evident that PdM not only enhances operational
efficiency but also supports broader global objectives of health, innovation, and

sustainability.
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Table 2.1: Table 2.1: PdM in the Medical Industry

Authors/Years Problem statement Purpose Performance metrics Limitation
(Zamzamet |There 1is a lack of|To develop a prioritisation | SVM got highest accuracy | A limitation of the study is the
al., 2021) comprehensive strategic | assessment and  predictive | 99.42% for preventive | need for manual intervention
maintenance models that | system for strategic maintenance | maintenance (PM) and 99.80% | in determining criteria
integrate preventive, | management of medical | for replacement programme. K- | weightages for reliability
corrective, and replacement | equipment in public healthcare | Nearest neighbour (KNN) got | assessments, which introduces
maintenance strategies with | facilities. highest accuracy for corrective | subjectivity and potential
predictive models using a maintenance (CrM) which 1is | inconsistencies in the
large medical equipment 98.93%. prioritization process.
dataset.
(Ahmed et al., | The subjectivity and [ To develop a systematic and | AUC-ROC for Decision Tree: | The prioritization process still
2021) uncertainty in expert-driven | automated approach for | 0.917, Accuracy for Decision [ involves some level of
decisions for healthcare | maintenance prioritization in | Tree: 0.90, AUC-ROC for KNN: | subjectivity, as expert input is
facility maintenance | healthcare  facilities  using | 0.947, Accuracy for KNN: 0.86, [ needed for criteria weight
prioritization pose [ machine learning and [ AUC-ROC for Naive Bayes: | assignment, even though the
challenges, necessitating a | Neutrosophic logic. 0.855. model attempts to minimize it
more objective, systematic, with neutrosophic logic.
and automated prioritization
framework.
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Table 2.1: Continued

(LINAC:S) is challenging due to
complex failure causes, and
sudden machine failures can
disrupt patient treatments.

of a medical LINAC using a
20-year maintenance dataset
and time series analysis.

model predicted downtime with
a mean absolute percentage
error (MAPE) of 3%, indicating
a stable and reliable model.

Authors/Years | Problem statement Purpose Performance metrics Limitation
(Kimetal.,, | Predicting downtime for [ To predict downtime and | The autoregressive integrated | The ARIMA model used for
2022) medical linear accelerators | maintain the optimal condition | moving average (ARIMA) | time series prediction does not

handle missing values. well
and assumes linear
relationships between data
points, which may not always
represent real-world scenarios
accurately.

(Lietal., 2022)

The current maintenance and
quality control processes for
medical equipment lack
integration and fail to fully
utilize the potential of data,
leading to frequent equipment
malfunctions and  reduced
operational  efficiency in
hospirtal.

To enhance the maintenance
and quality control of medical
equipment using information
fusion technology to ensure
equipment reliability,
maintainability, and safety in
hospitals.

The performance was measured
through the pass rates of
equipment quality control tests
before and after maintenance,
with  results showing a
significant improvement in pass
rates, demonstrating  the
effectiveness of the proposed
system.

The system is still immature
and has not been fully applied
to major medical systems,
requiring further
improvements for widespread
implementation.
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Table 2.1: Continued

Authors/Years

Problem statement

Purpose

Performance metrics

Limitation

(Abd Rahman
et al., 2023)

The current healthcare
maintenance practices focus on
corrective and  preventive
maintenance, which leads to
high operational costs and
frequent  device  failures,
highlighting the need for a
predictive maintenance strategy
to improve efficiency.

To develop a predictive model
using ensemble classifier for
medical device failure to
improve maintenance
strategies and reduce costs in
healthcare facilities.

The ensemble classifier
achieved the best results with
79.50% accuracy, 88.36%
specificity, and 77.43%
precision after optimization,
outperforming other machine
learning and deep learning
models.

The model relies on structured
data from existing medical
devices, and the inclusion of
unstructured data like
maintenance notes is
suggested as future work to
further improve prediction
accuracy

(Zamzam et
al., 2023)

Medical equipment failures can
disrupt healthcare services and
jeopardize patient safety, while
traditional reactive and
preventive maintenance
approaches areinefficient and
costly, highlighting the need for
predictive maintenance
systems.

To develop failure analysis
predictive models for medical
equipment,  focusing  on
predicting the first failure
event (FFE), failure-to-year
ratio (FYR), and failure
rectification group (FRG), to
support smart maintenance
practices in healthcare.

The SVM model for FFE
achieved the highest accuracy
of 96.9%, the DT model for
FYR achieved 83.9% accuracy,
and the ANN model for FRG
achieved 76.7% accuracy.

The study's predictive models
may be  affected by
imbalanced  datasets, and
further work is needed to
ensure better dataset integrity
and to integrate the models
with existing hospital systems
for real-time analysis.
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Table 2.1: Continued

Authors/Years

Problem statement

Purpose

Performance metrics

Limitation

(Prasetya et al.,
2023)

The unpredictability of
machine breakdowns,
particularly in medical mask
machines, leads to frequent
failures of different
components, causing delays
and inefficiencies in the
production process.

To implement the Weibull
analysis method in designing
PdM for a medical mask
machine to reduce downtime
and random failures.

The mean time between failures
(MTBF) and the failure rate
(FR) are used as performance
metrics, with an error of 1.8%
between automated and manual
calculations.

The Weibull analysis method
requires highly specific and
ideal initial conditions for
accurate predictions. In real-
world scenarios, it can be
difficult to obtain such ideal
data, which may limit the
effectiveness of the PdM.

(Rahman et al.,
2023)

Medical device failures and
high  maintenance  costs,
coupled with a lack of strategic
maintenance frameworks,
necessitate the development of
predictive systems to mitigate
unplanned  downtime  and
maintenance costs.

To propose a predictive model
for medical device failure
using Artificial Intelligence
(Al) driven analysis of
multimodal maintenance
records, integrating structured
and unstructured data.

The optimized Ensemble
Classifier achieved the highest
accuracy of 88.80%, with
94.41% specificity, 88.82%
recall, 88.46% precision, and an
F1 score of 88.84%.

The predictive model uses
historical data for predictions,
but the study does not address
the integration of real-time
data from devices, which
could enhance predictive
accuracy and timeliness.
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Table 2.1: Continued

Authors/Years

Problem statement

Purpose

Performance metrics

Limitation

(Gallab et al.,
2024)

complexity, high costs, and the
risk of disruptions in patient
care. Current maintenance
practices often lead to
unplanned downtime and high
costs, highlighting the need for
a more proactive, data-driven
approach.

To propose a new Digital
Predictive Maintenance
(DPM) framework to facilitate
the transition from traditional
maintenance to predictive
maintenance, with a particular
focus on healthcare facilities,
aiming to improve equipment
reliability, reduce downtime,
and optimize resource
allocation.

The study evaluates the
proposed DPM framework
based on its ability to reduce
Mean Time to Detection
(MTTD), minimize Mean Time
to Repair (MTTR), and lower
system downtime through real-
time monitoring and predictive
capabilities.

The reliance on interconnected
digital systems and cloud
storage increases the risk of
data breaches and
cyberattacks, especially given
the sensitive nature of
healthcare data.
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2.3 Computed Tomography Scan Machine

A CT scan machine is a vital medical equipment used for non-invasive diagnostic
imaging, providing detailed cross-sectional images of anatomical structures with high
clarity and contrast resolution (Saad & Moore, 2022; X. Zhou & Liu, 2024). CT
scanner has evolved significantly over the years, with key technological advancements
shaping its history. The development of CT scanners has seen quantum leaps in the
dimensionality of clinical CT data, with innovations like helical spiral data acquisition,
multi-slice CT, wide-cone CT, dual-source CT, and spectral CT contributing to
improved performance in terms of volume coverage, temporal resolution, and material
differentiation capabilities (Hsieh & Flohr, 2021; Taguchi et al., 2022). CT imaging, a
non-invasive diagnostic technique, utilizes various signals to provide high-sensitivity
cross-sectional scans, offering fast scanning times and clear images for the
examination of various diseases in both medical and industrial settings (X. Zhou &
Liu, 2024). These machines utilize rotating X-ray beams and detectors to capture
images, exposing patients to higher levels of ionizing radiation compared to standard
radiography (Saad & Moore, 2022). The first CT scanner was developed in the early
1970s, leading to enthusiastic adoption until the late 1970s. This was followed by
regulatory challenges in the 1980s due to perceived overuse, and subsequent
innovations reigniting growth in the 1990s and 2000s (Bhidé et al., 2020). Each
component inside a CT scan machine is crucial, a malfunction in any part can result in
significant downtime and substantial costs. Figure 2.1 shows the use of CT scan

machines increased every year especially during pandemic Covid 19.
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Figure 2.1: Annual change of CT scan machine usage (Winder et al., 2021).

Based on research H. Zhou et al. (2024), a model has been developed for predicting
anomalies in CT equipment using real-time status data, aimed at assisting hospitals in
making accurate maintenance decisions. The Symbolic Aggregate Approximation
Histogram Coefficient based Bag of Patterns (SAX-HCBOP) model, applied on the
IoMT dataset, achieved an accuracy of 0.904, recall of 0.747, precision of 0.417, and
an Fl-score of 0.535. Common maintenance tasks for CT scan machines include
electrical safety checks, physical checks, performance checks, and functional checks

such as validating transient current detectors and thermal cutouts (Kwan et al., 2020).

According to Adachi (2008), common maintenance malfunctions for CT scan
machines include issues with the gantry unit, reconstitution unit, and control unit.
Problems related to the X-ray tube, detector, and abnormality detection mechanisms
can also occur, impacting the image quality and diagnostic capabilities of the machine
(Yuichi, 2007). However, the quality of the sensor data was low, which poses a

limitation as the current model might not be as effective if data quality improves.
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Therefore, PAM is essential to preemptively address potential malfunctions, ensuring

consistent operation and minimizing costly disruptions.

2.4 Internet of Thing Sensors and Parameters

The evolution from traditional maintenance strategies like reactive and preventive
maintenance to PAM has been driven by the need for enhanced operational efficiency
and reduced downtime in industrial systems (Hector & Panjanathan, 2024; Mallioris
et al., 2024; Postiglione & Monteleone, 2024). The integration of IoT sensors and data
analytics has paved the way for a proactive, data-driven approach to maintenance,
shifting away from the traditional reactive and preventive strategies. loT-enabled
sensors have become the backbone of PdM, enabling continuous monitoring of critical
equipment and machinery. These sensors collect a wealth of real-time data, including
vibration, temperature, pressure, and other operational parameters, which are then
transmitted to cloud-based platforms for analysis (Alves et al., 2020; Wahid et al.,
2022). Table 2.2 shows the sensors used and the selected parameters for PAM while
Figure 2.2 provides a summary of the most selected parameters for conducting PdAM
in the year 2023. The integration of IoT sensors for PAM poses various challenges
that need to be addressed. According to Kazmi et al. (2023) one of the challenges in
using IoT sensors for PdM is the efficient acquisition, processing, and transmission of

large amounts of sensor data.

This challenge is addressed by utilizing a hybrid approach that involves edge
processing to reduce the burden on centralized cloud platforms, as seen in the study

on loT sensor nodes for industrial motors. Additionally, the need for sophisticated data
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analytics techniques, such as machine learning algorithms, to handle the massive
amounts of sensor data generated by IoT devices is highlighted as a key challenge in
PdM applications (Omol et al., 2024). Furthermore, the integration of deep learning
methods for PAM in Industrial IoT settings poses challenges related to data quality,
interpretability, scalability, and ethical concerns, emphasizing the need for advanced
techniques and strategies to overcome these obstacles (Jeba Emilyn. et al., 2024). The
integration of IoT sensors for PAM enhances operational efficiency and reduces
downtime but it also presents challenges in data management and analytics that

necessitate advanced techniques and strategies to overcome.
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Table 2.2: IoT sensor

parameters used for PdM.

Authors

Sensor Parameter

Purpose

(Tasci et al., 2023)

Weight, speed, temperature,
electric current, vacuum, air

pressure

To develop a machine learning-based predictive maintenance approach that
can predict the Remaining Useful Life (RUL) of machines on production lines

in a manufacturing environment.

(Pagano, 2023)

Temperature, vibration

To propose a new approach for predictive maintenance in an industrial plant.
The method combines LSTM neural networks with Bayesian inference to

monitor and assess the health of the plant.

(R. Patil et al., 2023)

Temperature, vibration,
rotational speed, torque, tool

wear, process temperature

To propose a system for predictive maintenance using machine learning
techniques, applied on Vertical Machining Centre (VMC). The system
focuses on monitoring the health of industrial machines by collecting and
analyzing sensor data to predict potential failures before they occur.
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Table 2.2: Continued

(Achouch et al., 2023)

Voltage, pressure, flow,

humidity, temperature

To apply machine learning algorithms to predict failures and estimate the RUL of

a TA-48 multistage centrifugal compressor used in a plant.

(Shrivastava et al., 2023)

Current, spindle speed,

vibration

Use Enhanced Naive Bayes Artificial Neural Network (ENBANN) to present a
PdM model that leverages sensor data and machine learning techniques to improve
maintenance in industrial settings. This approach was applied is a cutting machine

used in the firewood industry.

(Gupta et al., 2023)

Vibration, acceleration

Develop a scalable and economical maintenance 4.0 solution for airport baggage

handling systems using 10T sensors and machine learning.

(X. Wang et al., 2023)

Voltage, current, torque,
temperature, pressure,

resistance

Develop a PdM system combining data-driven and knowledge-based methods to
enhance the operational efficiency of industrial robots. This research was applied
to welding robots in a new energy automotive welding workshop, where these

robots are used extensively in production lines for automobile manufacturing.
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Table 2.2: Continued

(Fordal et al., 2023)

Temperature, vibration,

power usage

To develop a predictive maintenance platform that integrates sensor data and ANN
to improve maintenance and decision-making in industrial environments, it was

applied on splitting saw machine.

(Fordal et al., 2023)

Temperature, vibration,

power usage

To develop a predictive maintenance platform that integrates sensor data and ANN
to improve maintenance and decision-making in industrial environments, it was

applied on splitting saw machine.

(Burmeister et al., 2023)

Multiple sensors, historical
data

Demonstrate the potential of utilizing production data alone to predict future
maintenance and validate the use of interpretable machine learning models for

root cause analysis, not specific on what machine.

(Hadi et al., 2023)

Vibration

Develop a fault classification model for PdM using AutoML techniques to improve

accuracy and reduce manual intervention on ball bearings.
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Table 2.2: Continued

(Raparthi et al., 2023)

Temperature, Pressure,
Vibration, error log,

Maintenance records

Develop a PdM framework for 10T devices using Time Series Analysis (TSA) and
Deep Learning (DL) to enhance reliability and operational efficiency, not specify

on any machine.
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Figure 2.2 illustrates the key parameters selected for PAM based on the literature
reviewed in Table 2.2. The radar chart highlights two critical factors: Temperature and
Vibration, which are emphasized due to their frequent selection and significant impact
on machine health. Temperature is essential for detecting overheating or abnormal
thermal conditions, which can signal potential mechanical or electrical failures.
Vibration is another crucial factor, as abnormal vibrations often indicate mechanical
issues such as misalignment, imbalance, or wear in rotating equipment. These two
parameters are commonly chosen in PdM strategies due to their reliability in providing
early signs of equipment degradation, thus enhancing the ability to perform timely

maintenance and avoid unexpected breakdowns.

Sensor Parameters for PdM in year 2023

sta

Figure 2.2: Summary of selected sensor parameters in PdM for industrial
machine for year 2023.
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2.5 Data Pre-processing

Data preprocessing is the process of transforming raw data into a clean and usable
format by handling missing values, normalizing, transforming, and encoding data.
Data preprocessing is a crucial step in various research fields, including oceanography
and medical analytics, involving the preparation of data for further analysis (Ashwini
Tuppad & Shantala Devi Patil, 2023; Panalaran et al., 2024). It encompasses tasks like
data cleaning, transformation, and reduction to ensure that the data is accurate,
consistent, and suitable for computational algorithms (Varma et al., 2023). The
importance of data preprocessing techniques also to address imbalanced data, showing
a significant improvement in forecasting accuracy when rare events are considered
(Pisa et al., 2019). Benhar et al. (2020) conducted a systematic literature review on
data preprocessing for heart disease classification, analyzing the impact of
preprocessing techniques on classification performance and comparing different
classifier-preprocessing combinations in terms of accuracy rate. Other than that, Fan
et al. (2021) provided an in-depth review of existing preprocessing methods for
efficient knowledge discovery from building operational data, discussing potential

applications in smart building energy management.

In PdM also data pre-processing plays an important role especially when dealing with
sensor data that often contains missing values and noise (Latyshev, 2018). One
example Jiang et al. (2022) employed feature fusion to combine multiple categories of
electrical attributes into a single feature using fused feature F as formulated as (2.1),

in this case data preprocessing used to predict remaining useful life of equipment. The
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f represents the feature of each category (e.g., current, voltage, power, power factor,

frequency), and ¥ denotes the concatenation operation.

F=¥(f1,f2,..,fC) (2.1)

The research by Elkateb et al. (2024) highlights the use of data normalization and
feature selection in data pre-processing processes to identify outliers and enhance
model performance through significant feature identification. This z-score

normalization was applied in a PAM approach for industrial applications using (2.2).

D; - D; (2.2)

J
ox.
D

The formula provided is used for z-score normalization, a common technique in data
preprocessing. In this context, Dj' represents the normalized value of the data point

within the data category j. Dj is the original data point i in the same category j, D;

denotes the mean (average) of all data points in category j and Op; stands for the

standard deviation of the data points in category j, which measures the dispersion of
the data points around the mean. This z-score normalization process adjusts the values
of data points so that they have a mean of 0 and a standard deviation of 1 within their
category. According to (Henderi, 2021), MinMax scaling normalization is another
common technique used in data preprocessing. It transforms data values into a specific

range, typically between 0 and 1, using the (2.3).

Vi = Umin (2.3)

leOTm _
vmax vmm
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Where v,,,,m 1s the normalized value, v; is the actual data point, and v,,,;;, and v,
are the minimum and maximum values of the feature, respectively. MinMax
normalization ensures that all features contribute equally to the analysis, preventing
features with larger ranges from dominating the model’s learning process (Chepino et
al., 2023; C. Patel et al., 2022). This process is useful in predictive maintenance
applications where sensor data with varying ranges, such as temperature, vibration,

and humidity, needs to be consistently scaled for accurate pattern recognition.

Lastly, data preprocessing has been implemented in machine fault diagnosis by
extracting relevant information from vibration signals to represent the
multidimensional features which allows an accurate analysis (Hassan et al., 2024). In
data preprocessing for PdM, ensuring clean, accurate, and well-structured data is

critical for reliable model training and accurate predictions.

2.6  Anomaly Data Generation

Anomaly data generation involves creating abnormal instances within datasets to
enhance the training of anomaly detection algorithms. According to Dang et al. (2022),
this process is important as the accuracy of anomaly detection algorithms heavily relies
on the quantity and quality of training data. By generating various forms of anomalies
such as stuck-at, offset, drift, noise, outlier, and spike, researchers can improve the
robustness of these algorithms. There are many approaches to generate anomaly data,
Clifton et al. (2011) stated that anomaly data can be effectively generated by applying
a multivariate extension of the generalized Pareto distribution, which models extremal

data points and provides insights into tail behavior beyond conventional normal data
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models. The advanced approach by using Generative Adversarial Network (GAN), for
example Chen et al. (2022) generates the anomaly data using a GAN-based predictive
model, where the generator produces potential anomalies that help the discriminator
enhance detection accuracy. According to Liu et al. (2020), abnormal data can be
generated using the Generative Adversarial Active Learning (GAAL) approach, where
a generator creates potential outliers that help in training the discriminator to
accurately distinguish between normal and outlier data. Figures 2.3 and 2.4 display
two types of GAAL architecture on how abnormal data was generated. In summary,
the generation of anomaly data plays a critical role in enhancing the robustness and

accuracy of detection models to ensure the effectiveness of the result generated.

Real data \

Boundary description

Generated data o
Generator G Discriminator D

Figure 2.3: Single Objective Generative Adversarial Active Learning
Architecture (Liu et al., 2020).

Z-plz) w—

Z-plz) m— Discriminator D Boundary description

Sub-generator G G::&;J Genetat;d data
Figure 2.4: Multiple Objective Generative Adversarial Active Learning
Architecture (Liu et al., 2020).
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Synthetic data generation has emerged as an important technique in fields where access
to real-world data is limited or constrained by privacy concerns. As the demand for
robust AI models increases, so does the need for high-quality SD particularly in
industrial applications. SD finds diverse applications across various fields, including
computer vision, online safety, data science, social sciences, healthcare analytics, and
more. It is extensively used for training computer vision models to overcome
challenges like data annotation efforts, imbalance, and privacy concerns (Delussu et
al., 2024). High-fidelity SD aids in data augmentation, supporting machine learning
algorithm training, addressing missing data, and generating virtual patient cohorts for
personalized medicine (Z. Wang et al., 2024). In social sciences, SD is gaining traction,
challenging traditional representational models and emphasizing a relational approach
to understand its implications (Offenhuber, 2024). In healthcare analytics, SD shows
promise in informing policy, enhancing privacy, and improving predictive analytics,
albeit facing challenges related to data quality, bias, and privacy concerns (Giuffre &

Shung, 2023).

The most advanced and popular generated SD model GAN is used in various domains
of application. Studies highlight the potential of GAN variants like Conditional
Tabular GAN (CTGAN) and CopulaGAN, as well as Transfer Variational
Autoencoders (TVAE), in creating SD that mirrors real data distributions, aiding in
data augmentation and model performance enhancement (Miletic & Sariyar, 2024; Vaz
& Figueira, 2024). According to Afonso & Giufrida (2023) SD generated by GANs
improve the sweet pepper detection models, enhancing overall performance. This
showcases recent applications of SD in agricultural computer vision. In medical,

GANSs are utilized for generating synthetic time-series medical records of dementia
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patients, ensuring privacy preservation and maintaining data quality for distribution in
healthcare applications (Ashrafi et al., 2023). Figure 2.5 shows the average pattern of
real and synthetic data with different type of GANs where y-axis is data value and x-
axis is the time, according to results Privacy Preserving GAN (PPGAN) is the best

model for this application.

The use of synthetic data in PdM is gaining the attention as it addresses the challenges
of data scarcity and enhances model training. By generating SD that mimic real-world
conditions, industries can improve fault detection and predictive capabilities (Hakami,
2024). According to Eklund (2006) SD enhances predictive maintenance by simulating
realistic fault scenarios, enabling the training of classification systems despite limited
real labeled data, thus improving fault detection performance. Various method was
used to generate synthetic data for PdM, Klein and Bergmann (2019) use physical
Fischertechnik model factory to reproduce real failures, enabling the generation of
synthetic predictive maintenance data through various methods. Other than that,
Generative adversarial networks (GANs) are employed to generate synthetic condition
monitoring data for aircraft engines, enhancing the dataset for predictive maintenance
analysis (Fu et al., 2019). In PdM, GANs offer a more sophisticated approach to
generating synthetic abnormal data by capturing complex patterns in the sensor data,
leading to more realistic simulations and better model training compared to traditional
methods like Synthetic Minority Over Sampling Technique (SMOTE) or simple

oversampling.
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Figure 2.5: Comparison of time series data (Ashrafi et al., 2023).

TGAN and its variants have been employed in various works to enhance the generation
of tabular data, addressing challenges such as data privacy, correlation preservation,
and causal relationships. These studies demonstrate the versatility and effectiveness of
GANSs in synthesizing high-quality tabular datasets. TGAN is designed to generate
synthetic tabular data, effectively handling both discrete and continuous variables. It
outperforms traditional statistical models in capturing inter-column correlations and is
scalable for large datasets (Xu & Veeramachaneni, 2018). Other than that, TGAN are
utilized to create a large set of synthetic data based on a smaller original dataset of
experimental observations on ultra-high-performance concrete (UHPC) (Marani et al.,

2020). According to (Amrith et al., 2023; Ma et al., 2024), SD produced by TGAN has
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been found to enhance the accuracy of predictive models, surpassing the performance
of models trained only on original datasets. TGANSs are adept at producing data that
retains the statistical properties of the original datasets, which ensures the realism and
utility of the generated samples for training purposes, as noted by (Nigam &

Srivastava, 2023; Tun & Pisica, 2023).

Various methods have been proposed to evaluate the quality and accuracy of SD. These
methods include using clustering indices like the rate of change in linear regression
correlation coefficients, Dunn index, and silhouette coefficient for time-series datasets
(Seol et al., 2024). According to Meiser et al. (2024) the quality and accuracy of SD
were evaluated using Non-intrusive load monitoring (NILM) models for transferability
and a reliable evaluation methodology based on Cochran's sample size. The study by
Iantovics and Endchescu (2022) employed a mathematically grounded data-quality
assessment method, incorporating predictive power analysis of independent variables

and validating the results using metrics such as sensitivity, specificity, and accuracy.

There are still challenges to using SD in real world applications. Bias in SD remains a
significant concern, as it can lead to unfair outcomes when models trained on such data
are deployed in real-world scenarios. According to Whitney and Norman (2024), SD
can lead to false confidence due to increased dataset diversity and representation,
potentially compromising model performance. Moreover, SD raises concerns about
circumventing consent for data usage, complicating governance and ethical practices
by disconnecting data from those impacted by algorithmic harm. In summary, SD
generation is a rapidly evolving field with significant implications for both research

and industry.
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2.7 Anomaly Data Detection

Not all data have abnormalities, sometimes anomalies are subtle and hidden within
complex patterns, making their detection both challenging and essential for ensuring
the reliability and integrity of a system. Detecting anomalies in data analysis is
essential because it significantly influences the quality and dependability of machine
learning models (Azimi & Pahl, 2024). According to Patil et al. (2024) detecting
anomalies ensures the integrity of scientific research by upholding honesty and
truthfulness, especially in critical fields like clinical research. Furthermore, in the
technological realm, identifying anomalies promptly is essential to prevent potential
problems caused by unexpected events, highlighting the significance of anomaly
detection in maintaining system security and performance (A. Sharma & Khanna,
2024). According to Nassif et al. (2021) there are three types of anomaly detection
which are Point anomalies, Contextual anomalies and Collective anomalies. Point
anomalies where a single data instance can be considered anomalous for the remainder
of the data, the instance is called a point anomaly and is regarded as the simplest
anomaly form. If in a particular context a data instance is anomalous, but not in another
context, it is called a contextual anomaly. Lastly, if a set of associated data instances
is anomalous for the entire dataset, it is called a collective anomaly. Anomaly detection
has been widely researched and applied across various fields. For example, by
applying Principal Component Analysis (PCA) to time series data, businesses can
enhance their decision-making processes and mitigate risks through early
identification of anomalies (Dani et al., 2024). Other than that, Shukla & Sengupta

(2020) do anomaly detection by employing a combination of Hierarchical Clustering
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and LSTM Neural Networks to accurately identify outliers in time-series data, the

architecture as shown in Figure 2.6.
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Figure 2.6: Architecture for process detection of outliers (Shukla & Sengupta,
2020).

Next, an unsupervised anomaly detection method based on a sliding-window
convolutional variational autoencoder (SWCVAE) was proposed (T. Chen et al.,
2020), which effectively identifies anomalies in industrial robots by capturing both
spatial and temporal patterns in multivariate time series data. Additionally, Asakura et
al. (2020) utilized the Mahalanobis—Taguchi method to conduct anomaly detection in
a logistic operating system, calculating the MD based on multidimensional feature
vectors derived from vibration data to identify deviations from normal operational
states. According to Wu & Zhang (2006) measures the distance between a point and a

distribution, accounting for correlations among variables. It is defined as (2.4).

MD =/ (x — WS~ (x — ) 24)

Where here x is the observation, u is the mean, and S'is the covariance matrix. In

industrial settings, MD helps in detecting faults by evaluating the state of equipment
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based on multidimensional sensor outputs (Shunji & Hisae, 2012). To conclude, these
diverse approaches to anomaly detection demonstrate the growing sophistication in
monitoring systems, ensuring more accurate predictions and minimizing potential

disruptions across various industrial and operational environments.

2.8 Predictive Maintenance Model

PdM models have gained significant attention in various industries due to their ability
to anticipate and prevent equipment failures, ultimately leading to cost savings and
increased efficiency. PAM models can be categorized into statistical models, machine
learning models, deep learning models, and hybrid models. According to case study
(Oprea et al., 2019), a statistical PAM model was employed to assess the reliability
indicators of the photovoltaic power plant (PV-PP) components. This model involved
calculating failure rates based on historical operational data from the PV-PP. By
utilizing probabilistic models, particularly Markov chains, the study was able to
predict future failures and maintenance requirements, demonstrating the effectiveness
of statistical approaches in predictive maintenance. In another research from Wang et
al. (2019), the statistical PAM model was applied by integrating a model-based
prognostics method, specifically utilizing an Extended Kalman Filter (EKF) combined
with a linearization approach. This method was designed to predict the fatigue crack
growth in aircraft fuselage panels. Next according to the research J. Wang et al. (2020),
a statistical PAM model was applied through an integrated fault diagnosis and
prognosis approach specifically designed for wind turbine bearings with limited
degradation data. This approach combined wavelet transform-based fault diagnosis

with a Bayesian framework and particle filter for the prognosis of the bearing's RUL.
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In machine learning model types, SVM, decision trees and random forests are utilized
for classification tasks. A medium Gaussian SVM was applied in Lin (2021) study,
which involved extracting features from vibration signals and using these features to
classify the health status of motor bearings. The study analyzed the performance of
different Gaussian kernel functions (fine, medium, and coarse) and found that the
medium Gaussian SVM achieved the highest accuracy in fault diagnosis, with a total
accuracy of 96%. In addition, Random Forest was employed for fault diagnosis and
the classification of supervisory control and data acquisition (SCADA) real-time data,
predicting the state of line production. The Random Forest model demonstrated
superior performance with a 95% accuracy, highlighting its effectiveness in ensuring
predictive maintenance and improving production performance while avoiding energy

wastage (Zermane and Drardja, 2022). Figure 2.7 shows the trend of machine learning

model for PAM.
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Figure 2.7: Trend machine learning model for PdAM (Samatas et al., 2021).
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PdM also utilizes deep learning due to their ability to enhance equipment reliability
and reduce downtime. Research indicates that deep learning techniques, such as CNNs
and recurrent neural networks (RNNs), are effective in analyzing time-series data from
machinery to predict failures before they occur (Dube, 2024; Mishra et al., 2024).
According to Tanyildiz et al. (2024) these models leverage large datasets to identify
patterns and anomalies, which traditional methods may overlook. Bampoula et al.
(2021) utilized LSTM autoencoders to develop a deep learning model for PdM in
cyber-physical production systems, demonstrating its effectiveness in estimating

equipment health status and remaining useful life.

The most recent version of PAM model types is a hybrid version that combines multiple
models together. The hybrid model described by Wang et al. (2020) integrates data-
driven and model-based approaches for PAM of high-speed railway power equipment.
It combines an LSTM-RNN-powered maintenance predictor, which forecasts
maintenance timing based on historical data, with a sample generator based on
physical degradation and failure models to proactively produce simulated data,
addressing data deficiency issues. The architecture of LSTM-RNN as shown in Figure
2.8 below. In another paper by Abood et al. (2023), deep learning is utilized through a
hybrid model combining a CNN and a Conditional Generative Adversarial Network
(CGAN) to enhance PdM for electromechanical systems. CNN is employed for feature
extraction from the input data, while the CGAN is used to generate and classify data,
resulting in improved fault diagnosis accuracy. This hybrid approach significantly
enhances prediction accuracy compared to standalone models, achieving an average

F-Score of 100% on the testing dataset.
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Figure 2.8: LSTM-RNN architecture (Wang et al., 2020).

Combination of IoT and PdM technologies is emerging as a transformative strategy in
healthcare maintenance. According to Niyonambaza et al. (2020), reactive
maintenance in hospitals leads to significant operational disruptions, which an IoT-
based PdM framework using temperature monitoring and machine learning aims to
mitigate, achieving up to 96% accuracy in predicting equipment failures. However this
approach does not integrate a complete maintenance scheduling system. Similarly,
Shamayleh et al. (2020) highlight the inefficacies of corrective maintenance for
medical equipment, advocating for an loT-based PdM that employs vibration signals
to predict failures with a 96% accuracy using SVM classifiers. This method requires
broader validation across various equipment types. Furthermore, Bani et al. (2022)
discuss the limitations of traditional maintenance strategies in handling the
Haemodialysis Reverse Osmosis Water Purification System, introducing an loT-based
system that effectively predicts system breakdowns through LSTM models. However,
the scalability of this prototype remains a challenge. On the other hand, Priya Talawar
et al. (2023) explore machine learning applications for PdM in healthcare 10T, although
the models used demonstrated poor sensitivity, necessitating continuous model
retraining and better integration with hospital systems. Guissi et al. (2024) address the

need for predictive maintenance in MRI systems by developing an IoT-based solution

39



that uses CNN models to detect anomalies in MRI cooling systems with over 98%
accuracy, although the scope of data for model training was limited. Research from
Manchadi et al. (2024) propose an IoT-based architecture for Intensive Care Unit
(ICU) ventilators to enhance reliability and reduce risks of malfunctions, focusing on
continuous monitoring of critical components, yet facing challenges with data security.
Collectively, these studies underscore the potential of IoT and PdM to revolutionize
maintenance practices in healthcare, though each approach has specific limitations that
must be addressed to fully realize their effectiveness. This result of [oT and PdM on

medical industry will be benchmarking what accuracy should achieve for this research.

The trend in PAM models is increasingly characterized by the integration of advanced
data analytics and machine learning techniques. In summary, PAM models have
evolved from traditional statistical approaches to more sophisticated machine learning,
deep learning, and hybrid models, each offering unique advantages in various
industrial applications. As these models continue to advance, they are poised to
significantly enhance equipment reliability, reduce downtime, and optimize
operational efficiency across multiple sectors. The integration of advanced analytics
and Al-driven techniques will likely play a critical role in shaping the future of PdM,

making it an indispensable tool in modern industry.

2.9 Performance Measures for Predictive Maintenance

The effectiveness of a classification algorithm in PdM should be evaluated by its
ability to accurately forecast failures, reduce the occurrence of false positives and

negatives, and reliably estimate the remaining useful life of assets. To gauge this
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effectiveness, performance measures are critical, encompassing several key
parameters such as accuracy, precision, sensitivity (or recall), and the area under the
Receiver Operating Characteristic (ROC) curve (AUC-ROC). These metrics are
fundamentally derived from the confusion matrix, which provides a detailed
breakdown of the algorithm's predictions, categorizing them into true positives (TP),
true negatives (TN), false positives (FP), and false negatives (FN). By analyzing these
metrics, one can gain insights into the algorithm's predictive capabilities, ensuring that
it not only identifies potential failures but does so with a high degree of reliability and

minimal error.

In a binary or binomial classification task, the confusion matrix (CM) serves as a vital
tool for evaluating model performance by summarizing the TP, TN, FP, and FN
predictions. To further extend this evaluation framework to more complex
classification problems, the concept of a hierarchical CM has been proposed. This
approach addresses the peculiarities of hierarchical classification problems, proving
its applicability across various scenarios and providing a generalized framework for
evaluation (Riehl et al., 2023). As shown in Figure 2.9, the confusion matrix visually
represents these elements, offering a clear and concise method for assessing the

performance of classification models.
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Figure 2.9: Example of CM (Draelos, 2019).

Sensitivity (2.5) also known as the true positive rate or recall, and specificity (2.6) also
known as the true negative rate, are key metrics for evaluating the performance of
classification models, particularly in binary classification. Sensitivity measures the
model's ability to correctly identify positive instances within the dataset, calculated as
the ratio of TP to the sum of true TP and FN. On the other hand, specificity measures
the model's ability to correctly identify negative instances, calculated as the ratio of
TN to the sum of TN and FP. Together, these metrics provide a comprehensive view
of a model's performance, highlighting its effectiveness in distinguishing between

positive and negative cases within the data.

Sensitivity = L (25)
Y= TP + FN

e TN (2.6)
Specificity = P L TN

Accuracy (2.7) is another crucial metric used to evaluate the performance of a
classification model. It measures the overall correctness of the model by calculating

the proportion of all correctly predicted instances (both TP and TN) out of the total
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number of instances in the dataset. In other words, accuracy tells us how often the
model is right across all predictions.

TP + TN 2.7)

Accuracy = P TN

Another parameter that can be obtained from the confusion matrix is Positive
Predictive Value (PPV), also known as precision, which measures the proportion of
positive predictions that are actually correct. Similarly, Negative Predictive Value
(NPV) is another important metric derived from the CM, assessing the proportion of
negative predictions that are true negatives. Both PPV (2.8) and NPV (2.9) offer
valuable insights into the reliability of a model's predictions, particularly in contexts

where the costs of FP or FN are significant.

TP (2.8)
PPV = H- 0.2
TP + FP

TN 2.9)
Nev = ——
TN + FN

Additionally, the F-measure or F1-score can be obtained using formula (2.10), which
can be obtained from recall (sensitivity) and precision (PPV). It provides a balanced
metric that considers both FP and FN, making it particularly useful when dealing with
imbalanced datasets. All of these formulas are derived from the work of (Chicco &

Jurman, 2023).

2 X precision X recall (2.10)

F — measure = —
precision + recall
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The classification report of PAM models involves assessing various machine learning
algorithms for predicting and analyzing machine performance (D. B. Sharma et al.,
2023; Zanke et al., 2024), providing a detailed evaluation through metrics such as
precision, recall, F1-score, and support for each class, typically representing different
machine states like "Normal," "Needs Maintenance," and "Failure." These metrics help
gauge the model's accuracy in predicting each class, with high precision reducing false
positives, high recall ensuring critical issues are detected, and the F1-score balancing

precision and recall.

The ROC curve is a graphical representation used to evaluate the performance of
binary classification systems (Fawcett, 2006). It is created by plotting the True Positive
Rate (TPR), also known as sensitivity, against the False Positive Rate (FPR) at various

threshold settings.

FP (2.11)
{ = FP + TN

Anideal ROC curve will have its points concentrated at the top left corner of the graph
(position (0, 1)), where the TPR is 100% and the FPR is 0%. This point represents a
perfect classifier, indicating maximum sensitivity and specificity. In contrast, a point
on the diagonal line connecting (0, 0) to (1, 1) indicates a classification that is no better
than random guessing, with 50% sensitivity and 50% specificity. A point above this
diagonal signifies good classification, whereas a point below it indicates weak
prediction. Figure 2.10 shows graphical representation of the ROC curve, which is
used to evaluate the performance of binary classification models where blue color is

the best classifier. The ROC curve is a powerful tool for visualizing the trade-off
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between sensitivity and specificity in a classifier's performance. By analyzing the
shape and position of the curve, one can assess the effectiveness of a model in

distinguishing between the positive and negative classes.

The AUC-ROC (Area Under the Receiver Operating Characteristic Curve) is a vital
metric for evaluating the performance of binary classification models, providing a
single scalar value that reflects the model's ability to distinguish between positive and
negative classes across all possible thresholds. By measuring the trade-off between the
TPR and the FPR, AUC offers a comprehensive, threshold-independent assessment of
classification effectiveness (X. Liu et al., 2023; Yang et al., 2022, 2023). This metric
is widely used in various fields, including biomedical signal analysis, security
frameworks, and anomaly detection, due to its ability to encapsulate the entire ROC
curve into a single, insightful measure of a classifier's overall performance. Table 2.3
shows the classification accuracy value based on the area of AUC. This Figure 2.11
illustrates how the AUC varies across different ROC curves, with each curve
representing a classifier's performance in distinguishing between positive and negative
classes. The AUC values range from 0.5, representing random guessing, to 0.9,
indicating a highly effective classifier. Higher AUC values, such as 0.9, demonstrate
strong discriminative ability with high sensitivity and low false positives, while lower

AUC values, closer to 0.5, indicate a weaker performance.
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Figure 2.10: Understanding ROC Curve (Campion & Campion, 2023).

Table 2.3: Example of AUC accuracy result (Ustyannie et al., 2021

AUC value Classification
0.90-1.00 Excellent
0.80 - 0.90 Good
0.70 - 0.80 Fair
0.60 - 0.70 Poor
<0.60 Failure
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= Area Under Curve (AUC)=0.5
0.0 False Positive Rate 1.0

Figure 2.11: AUC ROC graph (Laher et al., 2017).
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K-fold cross-validation is a robust statistical method used to assess the performance of
machine learning models by partitioning the dataset into 'k' subsets or folds. Each fold
serves as a testing set while the remaining k-1 folds are used for training, allowing for
a comprehensive evaluation of model accuracy and generalization capabilities. This
technique helps mitigate overfitting by ensuring that every data point is used for both
training and validation across different iterations, thus providing a more reliable
estimate of model performance compared to a single train-test split (Herrera-Chavez
et al., 2024). Research indicates that the choice of 'k' can significantly impact the
results, with smaller values leading to higher variance in performance estimates, while
larger values may increase computational costs (Admojo & Nurul Rismayanti, 2024).
The optimal choice of K in K-fold cross-validation can vary depending on the dataset
and the specific goals of the analysis. Research from Imran et al. (2023) suggests that
smaller values of K, such as K=5 or K=10, are often preferred because they strike an
optimal balance between bias and variance. These values facilitate effective training
and validation while keeping computational costs manageable. However, some studies
suggest that increasing K can lead to more reliable estimates of model performance,
particularly in smaller datasets, as it maximizes the training data used in each fold
(Marcot & Hanea, 2021; Ridwan et al., 2023). Figure 2.12 shows how data was split
into training and testing using K-fold analysis. In summary, K-fold cross-validation
effectively balances bias and variance in model evaluation, with the choice of 'K' being

crucial for optimizing performance estimates and computational efficiency.
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Figure 2.12: Data split between training and testing for every fold.

2.10 Summary

This chapter provides a comprehensive overview of PAM and its critical role in various
industry applications, including the maintenance of high-cost industrial machines and
sensitive medical equipment like CT scan machines. PdM is essential in these contexts
due to the high costs associated with maintenance and the disruptive nature of service
interruptions, particularly in medical settings where machine downtime can directly

impact patient care.

One of the significant challenges faced in PdM is the lack of sufficient anomaly data,
as real-world failure events are rare. This has led researchers to propose the use of
synthetic data generation to augment datasets and ensure that machine learning models
are effectively trained to detect potential failures. Among the methods proposed for
synthetic data generation, GANs have emerged as one of the most effective techniques.
GANSs are used to generate realistic synthetic data that simulate fault conditions,

helping to balance datasets and improve model training.

Anomaly detection using the MD involves identifying unusual data points by

measuring their distance from the mean of a dataset, taking into account the covariance
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among the variables. This method is effective for detecting outliers in multivariate
data, where anomalies are not obvious in univariate analysis. Following anomaly
detection, predictive modeling using ANN can be employed. ANNs are capable of
learning complex patterns from the data, making them suitable for predicting future
outcomes based on historical data. This approach is particularly useful in scenarios
where the relationships between variables are nonlinear and intricate, as ANNs can
adjust their internal parameters to best fit the observed data, leading to robust and

accurate predictions.

The synthetic data generated through GANs and other methods are typically tested
using machine learning classifiers to evaluate their usefulness in PdM. These
classifiers assess the ability of synthetic data to improve the detection of anomalies
and potential failures in machines. Performance metrics commonly used in PdM
classification include accuracy, precision, recall, and F1-score, which measure the
model's effectiveness in predicting machine failures. By using these metrics,
researchers can evaluate how well the predictive maintenance models perform when
synthetic data is incorporated, ultimately improving machine uptime and reducing

maintenance costs.

This chapter lays the foundation for understanding the challenges and solutions in
PdM, particularly the role of synthetic data and machine learning in overcoming data
imbalance and improving predictive accuracy in both industrial and critical medical

equipment contexts.
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CHAPTER 3

METHODOLOGY

3.1 Introduction

The focus of this study is to determine the effect of synthetic data (SD) on a Predictive
Maintenance (PdM) model. In this chapter, the process for developing a system
capable of classifying abnormalities in Computed Tomography (CT) scan machines
based on both real and SD is outlined. The framework involves data preprocessing, SD
generation, anomaly detection, machine learning development, and model evaluation
to determine the condition of the CT scan machine. The methodology presented in this
chapter provides a comprehensive approach to leveraging both real and SD for
enhancing the PAM model's ability to accurately classify abnormalities in CT scan

machines.

3.2 Overview of the Framework

The overall methodology, as shown in Figure 3.1, begins with the acquisition of data,
which is downloaded from the relevant dashboard. This data undergoes a
preprocessing stage to ensure that all features are balanced, it means all the features
have the same amount of data or each row of the data of CSV must have value (not a
blank space). Following this, the data is validated against the scanning log to identify

any variations that occur during scanning and non-scanning periods for each feature.
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Once validated, the data is normalized, and the Mahalanobis Distance (MD) is
calculated. An ellipse is then created using the MD to establish a critical value that

serves as a threshold to differentiate between normal and abnormal conditions.

In PdM for CT scan machine, normal data refers to sensor readings and operational
parameters such as current, temperature, vibration, and radiation when the machine is
functioning correctly without any signs of degradation or failure. These values remain
within expected thresholds based on historical data and manufacturer specifications.
In contrast, abnormal data consists of sensor readings that deviate significantly from
normal conditions, indicating potential faults or impending failures. This may include
excessive current fluctuations, unusual temperature spikes, irregular vibration patterns,

or radiation anomalies, which could require maintenance intervention.

The next step involves the generation of SD using two distinct methods. The first
method, noise addition (NA), involves adding noise to the existing data to create new
SD, thereby expanding the head and tail of the real data distribution. The second
method involves generating abnormal conditions from the real data based on the MD
and employing a Tabular Generative Adversarial Network (TGAN) to balance the
normal and abnormal classes. The SD represents the real failure of the machine by
checking whether the outliers in the left and right tails exceed the normal condition
values for certain features, ensuring that the generated anomalies align with real failure

patterns.

In Figure 3.1, the main reason for implementing two distinct paths for data handling

and balancing (NA and TGAN) is to leverage both statistical simplicity and Al-driven
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complexity effectively. NA adds random noise to data, preserving its underlying
distribution and enhancing dataset robustness through controlled variability, making it
ideal for quick and efficient data augmentation without extensive computational
resources. Conversely, TGAN excels in generating synthetic data for underrepresented
classes, addressing class imbalances by learning and replicating complex data
distributions. This method adapts over time, improving with new data, crucial for
dynamic systems. Integrating both methods capitalizes on NA’s efficiency and
TGAN’s sophisticated data generation capabilities, ensuring a robust, versatile
approach to creating a balanced dataset that enhances the generalization capability of

predictive models.

Both SD generation methods are then subjected to class verification using the MD,
where the generated SD is compared against the previously established threshold. If
the number of data for both classes remain imbalanced, the SD creation process is
repeated using either NA or TGAN respectively. Once the data is balanced, it is
inserted into the Artificial Neural Network (ANN) model for training. Finally, the
performance of both SD generation methods is compared to determine which approach
is more effective for enhancing PAM in CT scan machines. The stages involved to

achieve each objective are also labeled in the figure.

Balancing sensor data sampling is essential to ensure that machine learning models
accurately distinguish between normal and abnormal conditions. When data is
imbalanced, with normal sensor readings significantly outnumbering abnormal
readings, the model tends to become biased toward the dominant class, leading to poor

anomaly detection and higher false negatives. This can result in missed failures in
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predictive maintenance, increasing the risk of unexpected breakdowns. By maintaining
a balanced dataset, the model receives equal exposure to both normal and abnormal
conditions, improving its ability to generalize, detect anomalies effectively, and reduce

prediction errors.
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Figure 3.1: Overall flowchart for this project.

33 Datasets of Computed Tomography Scan Machine

Datasets for this research from Internet of Things (IoT) connected sensors and they
were collected by downloading them from the provided dashboard. All of the sensors

for this research were set up by the appointed technical partner of the project at a
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hospital located in Klang Valley Selangor. Overall flow for sensor setup to end user as
shown in Figure 3.2 where all the sensor data was sent through the IoT gateway and it

was saved into MongoDB before the user can visualize or download it.
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Figure 3.2: Network topology of IoT CT scan monitoring system.

The CT scan machine use for this project is Aquilion Lightning TSX-035A, this
machine is a 16-row, 32-slice helical CT scanner developed by Canon Medical
Systems, designed for high-performance imaging with advanced features. One of its
key capabilities is dose reduction, utilizing technologies such as AIDR3D Enhanced
and Exposure 3D to minimize radiation exposure while maintaining image quality. The

scanner also includes a subtraction feature, which effectively removes bone and

54



calcium from datasets, enhancing diagnostic accuracy. Additionally, its navigation
mode assists operators through each step of the examination with interactive computer
graphics and animations, improving workflow efficiency. The intelligent filming
function allows for automatic compilation of images into a predefined layout,
streamlining the imaging process. Moreover, the Single Energy Metal Artifact
Reduction (SEMAR) technology significantly reduces metal artifacts, ensuring clear
visualization of soft tissue structures even in the presence of metal implants. The

details specification for the CT scan machine was put into Appendix E.

There are four types of sensors set up inside the CT scan room, which are the AM103,
MK926 MEMS, Schneider PM5110, and RAD-S101. The first sensor, the AM103, is
used to capture temperature and humidity around the CT scan machine. According to
Szabo et al., (2022), these parameters are crucial for detecting potential overheating
issues in the equipment. The next sensor, the MK926 MEMS, detects accelerometer
data, or more precisely, vibrations. This sensor can capture data along three axes: X,
Y, and Z but only the X and Y axes were selected. The Z-axis motion is often minimal
or negligible since the machine is designed to rotate in a single plane, making the Z-

axis motion less relevant for detecting vibrations or anomalies in this setup.

The Schneider PM5110 power meter sensor captures multiple parameters, such as
power, energy, voltage, and current. However, only the current was selected as a
parameter for the PAM model, as it is a direct indicator of potential overload conditions
that could lead to overheating. Finally, since the CT scan machine produces radiation,
the RAD-S101 sensor was employed to detect radiation levels before, during, and after

the scanning process. Analysis of the maintenance reports revealed that the X-ray tube
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in this machine was frequently replaced. This raised concerns about potential radiation
leakage from the X-ray tube, which could pose significant health risks to both patients
and radiologists. All these sensors are non-invasive because the CT scan machine is

under radiology care and is still under leasing services by the manufacturer.

The data received from the sensors have varying timestamps due to differences in
sensor specifications and the data load capacity that the server gateway can manage.
Specifically, current, acceleration on the X and Y axes are recorded every 1 minute,
radiation is logged every 3 minutes, while temperature and humidity readings are
captured every 10 minutes. The amount of data in Table 3.1 also varies due to
occasional connectivity losses. Additionally, during emergencies, the person in charge
may temporarily remove the sensor from the CT scan machine to facilitate a smoother
and faster process for aiding patients, further contributing to the inconsistencies in the

amount of data.
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Table 3.1: The amount of IoT data points collected for all features in 2023.

Features/ Current Radiation Temperature XandY
Month and Humidity
January 25841 8604 3089 25839
February 24445 8143 2923 24444
March 36943 9994 4407 10000
April 35518 11791 4292 35508
May 36607 12194 4419 36595
June 35920 11972 3275 35913
July 22197 8067 2869 22206
August 35100 11693 4139 35090
September 32604 10856 3788 32601
October 34537 12001 4297 36152
November 34514 11953 4247 35895
December 34523 11867 4427 35663

In Table 3.1, the amount of data collected throughout 2023 is shown. From this table,
it can be concluded that the collected data was not consistent every month, particularly
in January, February, June, and July. The amount of current data ranged from 22,197
to 36,943, and the amount of acceleration data ranged from 22,206 to 36,663, reflecting
a large volume of data as these sensors captured readings every minute. In contrast,
the amount of radiation sensor data ranged from 8,067 in July to 12,194 in May, which
is lower compared to current and acceleration data due to the sensor's inability to
capture data at intervals shorter than three minutes. The temperature and humidity
sensor, which captured data every 10 minutes, recorded an amount ranging from 2,869

to 4,427, as the environment in the CT scan room does not change rapidly. These
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variations in the amount of data collected are also due to unavoidable factors such as

emergencies or connectivity issues that occasionally interrupt data transmission.

3.4 Data Pre-processing

The data will undergo preprocessing to ensure that the inputs fed into the machine
learning model are clean, consistent, and reliable. As illustrated in Figure 3.3, which
depicts the data preprocessing flow, the data will be merged into a single Comma
Separated Value (CSV) file and sorted according to the timestamp. Any redundant
timestamps will be combined into a single entry to ensure that each row has a unique
timestamp. Blank areas in the dataset will be filled using time interpolation (3.1)
method since this data is in time series (Kumar Srivastav & Vaidya, 2020). This
method allows for the accurate estimation of missing data points in a time series,
ensuring a continuous and complete dataset for more reliable analysis and decision-
making. The values y; and y, are the known data values at times t; and ¢,,
respectively. The time t represents the point at which the value is missing. The value
y is the estimated value at time t, based on interpolation between y; and y,. This
dataset will then be matched with scanning durations from the scanning logbook to
analyze the differences between scanning and non-scanning periods. The scanning

logbook covers the period from January 2023 to July 2023.
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Figure 3.3: Flowchart of data preprocessing.
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The scanning log contains numerous parameters, but only three were selected for
analysis: the CT scan machine name, and the start and end times of the scanning
sessions. Since the log includes data from two CT scan machines (CT1 and CT2), only
the data from CT1 was used in this research since the IoT sensors are only deployed
on CT1 machine. The start and end times were converted into timestamps to align with
the sensor data timestamps. This alignment allows to visualize the changes during

scanning and non-scanning periods.

Next, the data was normalized to ensure that each sensor's readings contribute equally
to the analysis, preventing features with larger numerical ranges from dominating the
model's learning process. This process involves adjusting the data to a common scale

without distorting the differences in the ranges of values. In this research,
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normalization helps bring all sensor data, such as current, acceleration on the X and Y
axes, radiation, temperature, and humidity, to a comparable range. This is particularly
important because the different sensors have varying units of measurement and scales,
such as current measured in amperes and temperature in degrees Celsius. If left
unnormalized, these variations could skew the analysis and lead to inaccurate results.
Min-max scaling (3.2) was chosen for normalization in this research because,
according to Laska and Yolanda (2024), although z-score normalization is resistant to
outliers, it can obscure the original data distribution, which may not be ideal for all
datasets.

X — Xnin (3.2)

Xmax A Xmin

X =

Where X' is the normalized value, X is the original value, X,,;,, is the minimum value
in the dataset, and Xmax is the maximum value in the dataset. This formula scales the
original value X to a range between 0 and 1, ensuring that all data points are
proportionally adjusted to fall within this normalized range. This process helps in
standardizing the data, making it easier for the machine learning model to learn

patterns without being influenced by differences in the scales of various features.

3.5 Synthetic Data Generation

In this study, the MD, as formulated in (3.3), is employed for outlier detection in a
multivariate dataset. The MD was used because it effectively captures the multivariate
nature of data, allowing for a more nuanced understanding of outliers in complex
datasets (Dhamale & Kashikar, 2025). Other than that, this method performance is

superior in scenarios with heavy-tailed distributions, where ML methods may struggle
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due to their reliance on specific distributional assumptions (Cabana et al., 2021).
Moreover, the choice of MD over more conventional ML methods is further supported
by its targeted efficacy in defining the spatial relationships in data. Asakura et al.
(2020) use MD to derive abnormal data based on normal data, illustrating its practical
application in anomaly detection. While both MD and ML methods are instrumental
in data analysis, MD is a statistical measure specifically designed to calculate the
distance between a point and a multivariate distribution, considering the correlations
between variables. Conversely, ML encompasses a broader range of algorithms used
for tasks such as classification, regression, and outlier detection. The MD serves as a
critical tool within ML for identifying multivariate outliers, highlighting its role in the
broader scope of machine learning applications, particularly in outlier detection
scenarios involving multivariate data (Cansiz, 2023). The MD measures the distance
between a data pointx and the centroid u of the distribution, considering the

correlations among the features. It is mathematically expressed as:

MD = (x — )" (x — ) (3.3)

Where X is the covariance matrix, and X! is its inverse. Outliers are identified by
comparing the squared MD, MD? against a critical value derived from the Chi-squared
(x2) distribution with degrees of freedom equal to the number of features. For n
features, the critical value is determined as Ygosn, corresponding to the 95%
confidence level. A 95% confidence level is commonly used in this context as it
provides a practical balance between certainty and precision. With a 5% chance of
incorrectly identifying a data point as an outlier, the 95% confidence level maintains
relatively narrow confidence intervals, allowing for more precise analysis while

controlling the likelihood of false identifications.
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As shown in Figure 3.4, different confidence levels influence the range of the MD. A
99% confidence level would provide more certainty by extending the interval,
reducing the likelihood of falsely identifying outliers but at the cost of reduced
precision due to wider intervals. Conversely, a 90% confidence level would narrow the
interval, making detection more precise but increasing the risk of identifying normal
data points as outliers. Therefore, the 95% confidence level provides a reasonable
trade-off for minimizing errors while maintaining usable precision in multivariate

outlier detection (Hazra, 2017; Simundic, 2008).

Although the boundary in two-dimensional space is an ellipse, the critical value
remains a single scalar, as it uniformly applies across all directions in the feature space,
ensuring that the ellipse represents a contour of constant MD. Data points with squared

MD exceeding this critical value are considered outliers.
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Figure 3.4: Ellipse with different confidence levels (Zhu et al., 2020).

For visualization in two-dimensional feature space, ellipses are constructed to

represent the boundary within which 95% of the data points are expected to lie. The
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ellipse is defined by the covariance matrix of the two selected features. The
eigenvalues, A; and eigenvectors, v; of this covariance matrix are obtained by solving
the characteristic equation det(X — AI) = 0, where [ is the identity matrix (Andrew et

al., 1993). The lengths of the ellipse's axes are given by (3.4).

Leuipse = 2 X | X2052 X /2; Y 4

Where x¢ s 5 is the critical value from the Chi-squared distribution with 2 degrees of
freedom, and A; are the eigenvalues corresponding to the principal directions
determined by the eigenvectors, v;. This method provides a statistical approach to
identifying outliers, distinguishing between normal and anomalous observations based
on their MD. The combination of eigenvalues and eigenvectors ensures that MD
accounts for the actual shape and orientation of the data distribution, Figure 3.5 shows
ellipse with different eigenvalues and Figure 3.6 shows ellipse with different
eigenvectors. Different eigenvalues will make the shape of the ellipse different,

meanwhile different eigenvectors will decide the direction of the ellipse.

Figure 3.5: Ellipse with different eigenvalues.
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Figure 3.6: Ellipse with different eigenvectors.

Noise was introduced to the normalized features of the dataset. The noise was
generated from a normal distribution with a mean of 0 and a standard deviation
proportional to the original feature's standard deviation, scaled by a noise factor (NF)
of 2. The NF is essentially a scaling factor applied to the standard deviation of the
original dataset features when generating noise. By setting the NF to 2, noise is
generated at a level that is double the standard deviation of each feature, which
effectively amplifies the variability within the dataset. This approach ensures that the
synthetic data points are spread further across the range of possible values, thereby

simulating potential abnormal conditions that could occur in real scenarios.

When comparing NF of 2 to other NFs, it was observed that noise levels lower than 2
(e.g., NF less than 2) introduced only minimal variability in the dataset. While these
lower levels maintained the data within safe bounds, they did not effectively simulate
potential outlier scenarios or significant abnormal conditions, making them less
suitable for tasks such as anomaly detection and predictive maintenance. Conversely,
noise levels higher than 2 (e.g., NF > 2) resulted in unrealistic values for several

features, particularly humidity, where values exceeded 100%, violating the physical
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and sensor-imposed limits. This led to a deterioration in the quality of the SD, as the

extreme values no longer reflected plausible operating conditions.

The value of 2 was chosen because exceeding this threshold would surpass the sensor's
specification range. To ensure that the synthetic abnormal data are both realistic and
useful, it is crucial to generate them within the sensor's detection limits. This involves
understanding the limits and characteristics of the sensors used in data collection to
mimic real-world examples (Romanelli & Martinelli, 2023). This step effectively
expanded the head and tail of the distribution, simulating conditions that could be
considered abnormal. The choice of the NF value is particularly significant because it
determines the extent to which the dataset's original distribution is altered without

exceeding the physical and operational constraints of the sensors involved.

Table 3.2: Minimum and maximum value with different noise factor.

Features Current | Radiation X Y Temperature | Humidity
(A) (uSv/h) (e | (8 (°C) (%)
NF=0 | Min 0 0 -1.01 - 17.2 29.5
0.005
Max | 67.58 | 2684352.9 0 0.05 31.2 67
8
NF=1 | Min -7.56 | -376616.75 | -1.2 | -0.01 15.47 18.36
Max | 70.11 2647380.1 | 0.19 | 0.05 33.75 73.35
5
NF=2 | Min | -17.17 | -701647.91 | -1.44 | -0.03 12.85 3.65
Max | 72.49 | 2773961.5 | 0.26 | 0.06 36.19 100.21
2
NF=3 | Min | -27.39 - -1.66 | -0.03 9.46 -11.60
1286105.5
4
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Max 78.98 29171839 | 0.47 | 0.08 36.74 116.25
1
NF=4 | Min -37.39 - -1.92 | -0.05 5.46 -45.31
1542467.8
5
Max 73.66 29375494 | 0.54 | 0.10 43.13 143.87
3
Sensor | Min 1 0.15 -16 -16 -20 0
Range
Max 500 36000 +16 +16 70 100

In this context, maintaining the NF at or below 2 prevents the synthetic data from
reaching values that are not only implausible but also beyond what the sensors could
realistically detect, thereby preserving the integrity and applicability of the synthetic
dataset for predictive modelling and anomaly detection tasks. Table 3.2 shows
minimum and maximum value with different noise factors, and the humidity range
will be outside sensor range if the NF is more than 2. Negative value of current and

radiation will not be considered because sensor reading should not below zero value.

After the noise was added, the data was reverted to its original scale using the
minimum and maximum values saved from the normalization step. This ensured that
the noisy data remained within the same range as the original data, preserving the
integrity of the dataset. The MD was recalculated for each point in the synthetic
dataset. Data points were then labeled as "0" as normal or "1" as abnormal based on
whether their squared MD exceeded the previously determined critical value. This

labeling process ensured a clear and consistent classification of the SD.

A visual comparison between the real and SD distributions was made using histograms
to illustrate the effects of the NA and the creation of abnormal conditions. This

66




comparison is shown in Figure 3.7, providing a clear example of how the SD compares
to the original dataset. It is shown that the range of values for the SD parameters are
expanded at moderate frequencies compared to the real data that focused on a smaller

range of values with a higher peak.

= Real
mm Synthetic

Frequency

Value

Figure 3.7: Distribution of real and synthetic data.

After identifying the outliers, it was observed that the dataset became imbalanced, with
the number of outliers differing from the number of normal data points. To address this
imbalance, second method was used which is TGAN was employed to generate SD
and balance the dataset. The TGAN is subset for the GAN where GANs are composed
of two neural networks, termed the generator and the discriminator, which contest with
each other in a game-theoretic scenario. The SD generated by TGAN has been shown
to improve the accuracy of predictive models, outperforming those trained solely on
original datasets (Amrith et al., 2023; Ma et al., 2024). TGANs generate data that
maintains the statistical characteristics of the original datasets, ensuring that the
generated samples are realistic and useful for training (Nigam & Srivastava, 2023; Tun

& Pisica, 2023). TGAN is specifically designed for generating high-quality SD data in
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tabular form, which is particularly suitable for the structured nature of the dataset. The
TGAN model consists of a generator that learns to create synthetic samples that
resemble the normal data points, and a discriminator that attempts to distinguish
between real data and SD. The training process continues iteratively until the generator
produces SD so that the discriminator cannot reliably differentiate from real data. The

architecture of the TGAN model used in this study is illustrated in Figure 3.8.

Real Abnormal

Data Update
N weights
Cal -
= Discriminator Real or Fake?
>

Random Noise] >  Generator 3 Synthetic
(z) Sample

Update
weights

Figure 3.8: The GAN architecture use for tabular data (Sauber-Cole &
Khoshgoftaar, 2022).

The SD generated by TGAN was then added to the original dataset, particularly to the
minority class, in this case abnormal data ensuring that the dataset for both classes
(normal and abnormal) will become balanced. This balance was crucial for subsequent
analysis, as it ensured a more equitable representation of both normal and anomalous
data points. Balancing the data is critical for training ANN models, as imbalanced data
can lead to model bias where the model overly favors the majority class, potentially
overlooking significant patterns in the minority class. This can adversely affect key
performance metrics such as accuracy, precision, and recall, which are essential for
evaluating the effectiveness of the model in predicting both normal and abnormal

conditions accurately. TGAN is designed specifically to generate synthetic tabular
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data, it adapts the traditional GAN architecture to work with mixed-type data

(numerical and categorical features) typically found in tabular datasets.

By integrating the MD for robust outlier detection with TGAN for data augmentation,
this method effectively addresses the challenges of working with an imbalanced,
unlabeled dataset, enabling more reliable and comprehensive analysis. To assess
TGAN’s performance in creating SD, Kullback-Leibler (KL) Divergence is used. KL
Divergence measures how one probability distribution diverges from a second,
reference probability distribution (Bouhlel & Dziri, 2019). Additionally, the
correlation matrix is employed to identify similar structures in the data, helping
visualize whether the SD resembles the real data (Pham et al., 2024). Another
visualization method used to assess TGAN is the Kernel Density Estimation (KDE)
plot, which provides a smoothed, continuous approximation of the data distribution,
making it particularly useful for comparing the distributions of real and SD
(Plesovskaya & Ivanov, 2021). These combined techniques ensure a thorough and
reliable evaluation of the TGAN-generated SD, enhancing the overall quality of the

analysis.

3.6 Machine Learning Model Development

To evaluate the effectiveness of SD generated by both NA and TGAN methods, the
data was fed into an ANN model designed for PdM, as illustrated in Figure 3.9. These
models leverage vast datasets from IoT sensors and historical maintenance records,
enabling real-time insights into equipment health. The integration of ANNSs in

predictive maintenance has shown remarkable results, including a 92% prediction
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accuracy compared to traditional methods at 78%, and a 35% reduction in system

downtime (Abdulrazzq et al., 2024).

ANN excel in handling non-linear models, which makes them highly effective for
predictive maintenance (Kaynak & Ervural, 2024). Their ability to analyze complex
data patterns is integral to developing sustainable maintenance strategies for road
bridge infrastructure (Gunderia et al., 2024). For this research, the ANN model was
structured to handle six input features: Current, Radiation, Temperature CT, Humidity
CT, and X and Y accelerations. These features were carefully selected due to their

significance in monitoring operational conditions relevant to PAM.

The architecture of the ANN consisted of an input layer, two hidden layers, and an
output layer. Each of the hidden layers was fully connected to the preceding and
succeeding layers, allowing the network to capture complex, non-linear relationships
in the data. The neurons in the hidden layers applied activation functions, introducing
the necessary non-linearity to enhance the model's learning capacity. This structure
was crucial for ensuring that the ANN could effectively learn from the SD generated
by both methods. To properly assess the model's performance, the dataset was divided
into 70% training, 20% validation, and 10% testing. This data splitting is crucial for
training the model effectively while also allowing for proper validation and

independent testing to ensure the model's generalization on unseen data.
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Figure 3.9: The proposed ANN architecture.

The output layer of the ANN consisted of a single neuron, which generated a
probability score indicating the likelihood of a breakdown under the given conditions.
This output was used for binary classification, where 0 represented normal operation
and 1 indicated abnormal conditions. This output was essential for PdM, as it provided
a direct measure of the risk associated with each data point parameter for ANN model

as shown in Table 3.3.

The threshold of 0.5 was chosen to differentiate between normal and abnormal
conditions based on established anomaly detection principles. Burmeister et al.
(2023)suggested that values approaching 1 are associated with anomalies, while scores
below 0.5 correspond to normal observations. This threshold aligns with common
classification practices in predictive maintenance, ensuring a clear decision boundary
between operational and failure states. Additionally, Brownlee (2021) outlined four
key considerations in threshold selection which are (1) predicted probabilities are not
always calibrated, (2) training and evaluation metrics may differ, (3) imbalanced class
distribution can affect decision boundaries, and (4) the cost of misclassification must

be considered. Given these factors, a 0.5 threshold provides a balance between
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sensitivity and specificity, reducing false positives while ensuring early fault detection

in CT scan machines.

To assess the quality of the SD, the ANN model was trained separately on datasets
generated by NA and TGAN. For each dataset, the model was trained using a loss
function such as binary cross-entropy to minimize the difference between the predicted
probabilities and the actual outcomes. The model's performance was then evaluated
based on its accuracy in predicting breakdowns in both normal and abnormal
conditions. By comparing the predictive accuracy of the ANN when trained on data
from the NA method versus the TGAN method, insights were gained into which
technique was more effective at creating SD that accurately represented abnormal
conditions. This comparison was crucial for determining the most appropriate
approach for future SD generation in PdAM applications, guiding the selection of

methods that best support reliable and accurate predictions.

The development and implementation of algorithms in this research are implemented
using Python version 3.9.18, running on an AMD Ryzen 7 4000 series processor with
an NVIDIA GeForce GTX 1650 Ti GPU. This programming language was chosen due

to its extensive libraries and tools that support machine learning and SD generation.
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Table 3.3: Setting for ANN model.

ML Parameters Setting
Activation Sigmoid
Optimizer Adam

Loss Binary cross entropy
Epoch 100
Batch size 32
Learning rate 0.001

3.7 Performance Evaluation

To evaluate the performance of SD generation, all the real and synthetic data will be
used in the ANN development. Then, the real anomaly data collected from the sensors
will be tested as ANN model validation. The anomaly data is obtained in November
2023 after the confirmation from the CT scan machine repair report provided by the
technical partner. The performance of the ANN model was evaluated using a
comprehensive set of metrics that are essential for assessing PAM models. These
metrics included accuracy, precision, sensitivity (recall), specificity, F1-score, and the
AUC-ROC. Each of these metrics was derived from the confusion matrix, which

provides a detailed breakdown of the model’s predictions.

The performance of the ANN model was evaluated using a confusion matrix, which
categorized the model’s predictions into four groups: true positives (TP), true
negatives (TN), false positives (FP), and false negatives (FN). From these categories,
according to (Fawcett, 2006) several key performance metrics were derived. Accuracy

(3.5) was calculated as the proportion of correctly predicted instances (both TP and
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TN) out of the total number of instances, providing a general measure of the model’s

correctness. The formula for accuracy is:

TP + TN (3.5)
TP + TN + FP + FN

Accuracy =

Precision or Positive Predictive Value (PPV) in (3.6) assessed the proportion of
positive predictions that were actually correct, reflecting the model’s reliability in

identifying positive cases. It was calculated as:

TP 3.6)

p 9,0 -
recision TP + FP

Sensitivity (also known as recall) in (3.7) measured the model’s ability to correctly
identify positive instances, highlighting its effectiveness in detecting true positives.

The formula for sensitivity is:

TP (3.7)

Sensitivity = TP+—F]V

Specificity (3.8) evaluated the model’s capability to correctly identify negative
instances, ensuring that false positives were minimized. It was calculated as:

TN (3.8)

SpGCifiCity = FP-|-—TIV

Finally, the F1-Score (3.9) which is the harmonic mean of precision and recall,
provided a balanced metric that was particularly valuable for datasets with imbalanced
classes, where both precision and recall needed to be considered equally. The formula

for the F1-score is:
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2 X Precision X Recall (3.9)

F1— =
Score Precision + Recall

Together, these metrics provided a comprehensive view of the ANN model’s
performance, allowing for a detailed assessment of its predictive accuracy and

reliability in the context of PAM.

The Receiver Operating Characteristic (ROC) curve was used to graphically evaluate
the model’s performance by plotting the true positive rate (sensitivity) against the false
positive rate (1-specificity) at various threshold settings. The AUC-ROC was then
calculated to provide a single scalar value that reflected the model’s ability to
distinguish between positive and negative classes across all possible thresholds. A
higher AUC value indicated better model performance, with values closer to 1.0

representing excellent discriminative ability.

To ensure robust evaluation and mitigate overfitting, 5-fold cross-validation was
employed. In this method, the dataset was partitioned into five subsets or folds. Each
fold served as a testing set while the remaining four folds were used for training the
model. This process was repeated five times, with each fold being used exactly once
as the testing set. The performance metrics, including accuracy, precision, sensitivity,
specificity, and F1-score, were calculated for each fold, and the average performance
across all folds was reported. Using fold, K=5 strikes a balance between bias and
variance, providing a reliable estimate of the model’s generalization capabilities while
keeping computational costs manageable. This approach ensured that the model’s
performance was consistently evaluated across different subsets of the data, providing

a thorough assessment of its predictive power.
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3.8 Summary

In this study, a comprehensive approach was employed to enhance and evaluate PAM
models using both real and SD. Outliers were first detected using MD, allowing for
the identification of abnormal conditions without labeled data, which led to an
imbalance in the dataset. This use of MD to detect outliers is important, as it identifies
deviations based purely on the inherent statistical characteristics of the data. By
detecting these abnormalities without pre-labeled data, MD contributes to creating an
imbalanced dataset, as the number of identified anomalies is typically much smaller
than the number of normal data points. To address this, SD was generated through NA
and TGAN. This SD was then incorporated into an ANN model designed for PdM.
The model's performance was rigorously evaluated using key metrics derived from the
confusion matrix, including accuracy, precision, sensitivity, specificity, and F1-score,
as well as the AUC-ROC. To ensure a reliable assessment, 5-fold cross-validation was
utilized, striking a balance between bias and variance. The prediction validation
method will be compares using data collected from September 2023 to December
2023. The models are evaluated by predicting machine breakdowns, with the results

assessed against real data and the maintenance report.
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CHAPTER 4

RESULTS AND DISCUSSIONS

4.1 Introduction

In this experiment, the dataset consisted of 88272 total numbers of real and SD
combining normal and abnormal. The MD was used to label the data normal or
abnormal using the threshold value of 3.5485. The SD was generated by using two
methods which are TGAN and NA. These dataset are used in training and tests for
classification using ANN model. The performance of each algorithm is analyzed and
discussed. Later, the developed model is validated using real anomaly data collected

from the study site in November 2023.

4.2 Data Preprocessing of IoT Sensors

The predictive maintenance IoT system for the CT scan machine utilizes four
specialized sensors, each tailored to monitor key operational parameters crucial for the
machine's performance and reliability, the setup has been reported in Mohd Azrul
Shazril et al. (2023). The AM103 Temperature, Humidity, and CO2 Sensor, depicted
in Figure 4.1, is a MEMS-based device designed to measure the ambient temperature,
humidity, and CO2 levels in the CT scan room. It employs the LoRaWAN
communication protocol to ensure efficient data transmission. For radiation safety, the
RAD-S101 Radiation Dosimeter, as shown in Figure 4.2, is utilized. This sensor is

capable of detecting hard beta rays, gamma rays, and X-rays, which are essential for
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adhering to radiation safety standards. It communicates data through RS485 and
MODBUS-RTU protocols. The importance of vibration analysis in the maintenance of
the CT scan machine is addressed by the MK926 MEMS Accelerometer Vibration
Sensor, featured in Figure 4.3. This sensor has a three-axis system and is primarily
used to monitor the rotational movements of the gantry. Finally, the Schneider PM5110
Power Meter, shown in Figure 4.4 to monitor current use by CT scan machine.
Together, these sensors form a robust monitoring framework that aids in the early
detection of potential faults, thereby improving maintenance strategies and prolonging

the machine's operational life.

Mite sight

Figure 4.1: AM103 sensor put inside CT scan room to detect the environemnt.
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Figure 4.2: RAD-S101 radiation sensor attach opposite with where radiation
beam come out.

Figure 4.3: MK926 MEMS accelerometer attach on gantry to detect the
vibration of the machine.
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Figure 4.4: Reading shown from power meter sensor, Schneider PM5110.

In the preprocessing stage, the downloaded data was combined into a single CSV file
and sorted based on the timestamp. Figure 4.5 illustrates the data after sorting, where
the highlighted values indicate entries with the same timestamp. These duplicate
timestamps were merged, as depicted in Figure 4.6, to eliminate redundancy and
ensure clean data for subsequent analysis. In Figure 4.7, a mean value was inserted
into the first row of any feature with missing values. The use of the mean value to
replace missing values in the dataset is a common practice aimed at maintaining
statistical integrity. The mean provides a central tendency measure, which is
particularly useful in datasets where the parameter values do not vary widely. By using
the mean value, the impact on the dataset’s overall statistical distribution is minimized,
preventing the introduction of bias that could occur with more extreme substitution
values, such as the minimum or maximum. This step is crucial because the time
interpolation method requires an initial value to begin the process. Finally, as shown
in Figure 4.8, the missing values were filled using the time interpolation method, which

calculates missing data points based on the surrounding time intervals and existing
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data. This approach ensures continuity and accuracy in the dataset, preparing it for

further analysis.

timestamp  Current{Amp} Radiation{uSwh} X(g} Yig) Termperature{®C}  Humidity(%}

1675180835 -0.989 0.021

1675180820 3.98473525

1675180007 -0.975 0.023

1675180634 20.8 41
1675180852  4.004533291

1675180979 -0.929 0.023

1675181051 -0.933 0.026

1675181056 3.892496586

1675181128 0.9 0.022

Figure 4.5: Highlighted redundant data.

timestamp  Current{Amp} Radiation{uSw/h} Xig} Yig} Temperature(®C}  Humidity{%)
1675180808  3.899295089 0
1575180235 0,929 0.021
1675180880  3.98473525
1675180007 -0.975 0.023
1675180034 20.8 41
1675180852 4.004533291
1675180979 -0.589 0.023
1675181024  2.659770439 0
1675181051 -0.988 0.026
1675181096 3.592496586
1675181123 0,958 0.022

Figure 4.6: Highlighted merge timestamp.

timestamp  Current{Amp} RadiationiuSwh} X(g} Yig} Temperature(®C} Humidity{%}
1675180808 3.890605089 0 -098128 0.023398 20.97837838  47.851180C
1675180835 -0.989 0.021
1675180880  3.98473525
1675180007 -0.975 0.028
167518054 20.8 41
1675180952  4.004533291
1675180979 -0.989 0.023
1675181024 3.659770489 0
1675181051 -0.928 0.026
1675181096  3.852496586
1675181123 -0.988 0.022

Figure 4.7: Highlighted missing data filled with mean value.
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timestamp  Current{Amp} PRadiation{uSwh} X(g) Yig) Temperature{°C} Humidity{%}
1675180203  3.899995089 0 -092128 0.023393 20.97837838 47.8511808

1675180835 3831772649 0 -0.989 0.021 20.94015444 463830702
1675180880  3.98473525 0 -0.98025 0.02225 20.87644788 435662201
1675180007 8.992158515 0 -0.975 0.023 2083822394  42.46581101
16751805C4 3.986583781 0 -0.98025 0.023 20.8 41
1675180952  4.004533291 0 -0.98375 0.023 20.8 41.3305509
1675180970 3.87524724 0 -0.989 0.023 20.8 41.8263773
1675181024  3.659770439 0 -0.98837 0.024875 20.8 42.6527546
1675181051  3.747042775 0 -0.988 0.026 208 43148581
1675181086  3.892496586 0 -080112  0.0235 20,8 439749383
1675181122 3.927654142 0 -0.993 0.022 208 444707846

Figure 4.8: Highlighted missing data fill using time interpolation method.

4.3 Data Validation with Scan Log

Figures 4.9 to Figure 4.14 illustrate the sensor readings during scanning events in April
2023, providing a clear view of how each sensor responded in real-time when the CT
scan machine was in operation. The data presented in this section focuses on 1st April
2023 until 31st April 2023 as the best example since this month had no missing data.
Data from other months, which contain gaps, have been placed in Appendix C.
Visualization for August 2023 to December 2023 not included in Appendix C due to
no scanning log from the hospital. Total data captured for year 2023 is 841333 but
46095 of data was selected for further analysis due to the constraint that MD had
limitation for large dataset. The 46095 data was selected based on complete data for 6

features each timestamp and it was normalized before going into SD generation.

The mapping between recorded sensor reading and the patient’s scanning time helps
to understand the relationship between the scanning duration (in red) and the
corresponding sensor reading (in blue), revealing critical insights into the machine's
behavior and performance during actual usage. To determine when the CT machine

should undergo maintenance, the system analyzes changes in these sensor readings.
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Data collected from January to December, which sometimes experiences connection
losses (thus necessitating the use of time interpolation to fill missing data), provides a
robust basis for this analysis. For instance, an unusually high radiation value may
indicate an ongoing scan, which is expected, but persistent high values or unexpected
readings in other parameters like current or vibration could signal operational issues,
prompting a maintenance check. Importantly, the input data used in our models
represent real scenarios in the CT scan room, as evidenced by the changes recorded in
the data during scanning and non-scanning states. Figures 4.9 to 4.14 show the data
used for machine learning changes during scanning and non-scanning periods,
illustrating the dynamic nature of the operational environment. Most of the sensor data
is at baseline values during the non-scanning state, but there are changes during the
scanning state. For baseline values, current is 3 Amp, radiation is 0 uSv/hr, X-axis is -
1.0g, Y-axis is 0.02g, temperature is 20.5°C and humidity is 50%. From this, it can be
concluded that the data transmitted more frequently is a better match compared to the
others. The overlapping values (red line overlaps with blue line) is the exact matching
time of scanning and sensor reading. There are also non-overlapping values due the
mismatch and sensor’s activation time that require a longer period such as radiation

SENsor.
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Figure 4.9: Current data for one month with highlighted scanning duration.
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Figure 4.10: Radiation data for one month with highlighted scanning duration.
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Plot of X(g) over Days with Highlighted Durations
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Figure 4.11: X axis data for one month with highlighted scanning duration.
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Figure 4.12: Y axis data for one month with highlighted scanning duration.
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Figure 4.13: Temperature data for one month with highlighted scanning duration.
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Figure 4.14: Humidity data for one month with highlighted scanning duration.
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4.4 Synthetic Data Generation

Before generating SD using NA and TGAN, MD was applied for anomaly detection
on the original dataset. This method helped identify outliers, particularly abnormal
data points essential for predictive maintenance. However, due to the limited number
of abnormal instances, the dataset was imbalanced, making it challenging to develop
a robust detection model. To address this, NA was used to expand the tails of the data
distribution by introducing controlled noise, creating additional abnormal data points.
Simultaneously, TGAN was employed to generate synthetic data that accurately
captured the underlying distribution of the real dataset, ensuring the synthetic data
maintained key statistical properties. These combined methods aimed to create a more
balanced dataset, with MD being applied again to evaluate the effectiveness of

anomaly detection on the newly generated data.

4.4.1 Anomaly Detection using Mahalanobis Distance

The outlier detection process was carried out using MD on six operational features:
current, radiation, temperature, humidity, and acceleration along the X and Y axes. A
pairwise comparison of these features is depicted in the grid of scatter plots shown in
Figures 4.15 and 4.16. Each scatter plot represents the relationship between two
features, with an ellipse (labeled with a red line) indicating the 95% confidence level
based on the critical MD value of 3.5485. The ellipses in each plot define the boundary
where the data points are considered normal. Any data points falling outside of these

ellipses are identified as outliers, signaling potential abnormal operating conditions in
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the CT scan machine. These anomalies could indicate irregularities that may lead to

operational issues or machine failure if not addressed.

To interpret the scatter plots, the first row illustrates the current value on the x-axis
against other features on the y-axis. Subsequent rows follow a similar pattern which
are the second row displays radiation on the x-axis and the other features on the y-axis,
the third row features temperature, the fourth row shows humidity, and the fifth and
sixth rows display acceleration along the X and Y axes, respectively. This arrangement
helps in visually comparing each feature against the others to spot anomalies and

trends.

The 95% confidence interval ensures that most of the normal data points are captured
within the ellipse, providing a robust method for identifying outliers. The assumption
here is that data points within the ellipse are considered normal, while those outsides
are presumed to be abnormal. This assumption is critical for the effective
implementation of predictive maintenance as it directly influences the decision-
making process regarding the health of the CT scan machine. Additionally, based on
the scatter plots in Figures 4.15 and 4.16, the color of the scatter plots changes based
on the density of data points, where yellow indicates a high density of data, and dark
blue indicates a low density. This color coding helps in visually assessing the
concentration of data points and further aids in identifying areas of interest for anomaly
detection. The visualization in Figures 4.15 and 4.16 effectively demonstrates how MD
is used for multivariate anomaly detection, helping to identify abnormal conditions
that require attention for predictive maintenance purposes. The plot shows the ellipse

for every feature that is used in the ANN model development and the ellipse indicate
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which data point is inside the range of values (inside ellipse) and outliers (outside

ellipse).

Figures 4.17 and 4.18 depict scatter plots that incorporate synthetic data generated
using the NA method, where the data is spread widely due to extending the head and
tail of the distribution. This approach aims to enrich the dataset by enhancing the
representation of abnormal data points, which are critical for the predictive model’s
accuracy. On the other hand, Figures 4.19 and 4.20 show scatter plots utilizing
synthetic data generated by the TGAN. Unlike NA, TGAN focuses solely on using the
abnormal data to generate new synthetic instances, maintaining a closer fidelity to the

original data distribution but enhancing the dataset's diversity.

Based on the MD results, 1,959 data points were labeled as abnormal out of a total of
46,095, highlighting the minority presence of abnormal conditions. To address this
imbalance, synthetic data generation can be used to create a balanced dataset, which

can then be fed into the ANN model for improved training and prediction accuracy.
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Figure 4.15: Ellipse generated from MD on multivariate original data (upper view).
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Figure 4.16: Ellipse generated from MD on multivariate original data (lower view).
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4.4.2 Synthetic Data Generation using Noise Addition

In the process of generating SD using NA, a NF of 2 was selected after careful
consideration of how various noise levels impacted the dataset. This decision was
made to strike a balance between introducing realistic variability and maintaining
adherence to the sensor specifications, particularly for humidity. During the evaluation
of different NF, it was found that using an NF greater than 2 caused the humidity values
to exceed the sensor’s specified range of 0% to 100%. Since humidity is physically
constrained within this range, exceeding it would result in unrealistic data, which
would not be useful for predictive maintenance models aimed at detecting real-world
anomalies. With an NF of 2, the generated data for humidity remained within
acceptable limits, ranging from 3.65% to 100.21%, ensuring that the noise introduced

appropriate but realistic variations.

For radiation, the SD ranged from 0 puSv/h to 2,773,961.52 uSv/h, and any negative
values were discarded as they are physically impossible for radiation readings. While
the SD exceeded the sensor’s maximum measurement capability of 36,000 uSv/h, this
was not considered problematic because the radiation readings in this dataset represent
cumulative values over a 3-minute period. The higher values reflect the cumulative
nature of the measurements rather than real-time sensor limitations, making the

exceedance acceptable for this use case.

For current, the SD ranged from 0A to 72.49A. As with radiation, negative values were
discarded, as they are not realistic in normal operating conditions. The upper limit

remained within the sensor’s maximum of 500A, ensuring that the generated data
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remained realistic while still expanding the head and tail of the distribution. For the
X-axis and Y-axis accelerations, the generated data ranged from -1.44g to 0.26g and -
0.03g to 0.06g, respectively, which remained well within the sensor’s range of -16g to
+16g for both axes. These values introduced slight variations in acceleration,
providing realistic but expanded distributions without generating extreme outliers. For
temperature, the SD ranged from 12.85°C to 36.19°C, which was comfortably within
the sensor’s operational range of -20°C to 70°C. The NA produced moderate

variability in this feature, maintaining a realistic temperature range.

This synthetic dataset will undergo MD analysis again, using the centroid of the real
data to calculate the distance and verify which points are abnormal. This process will
be repeated until the synthetic abnormal data has the same amount as the normal real
data. Figure 4.21 displays the difference in distribution between the real data and SD
using NA, showcasing the expansion of both the head and tail of the data distribution
without introducing unrealistic negative values for any of the features. The blue bars
represent the distribution of the original data, while the red bars show the distribution
after noise has been introduced. The overlap between the original and noisy data
signifies that the noisy data remains within the normal operating range of the sensor.
The figure demonstrates that, despite the introduction of noise, the synthetic data
maintains a reasonable distribution relative to the original, staying within acceptable
sensor limits. Additional results using different noise factors are included in Appendix

D for further comparison.
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Figure 4.21: Distribution of real and synthetic data using NA.

The SD generation process was conducted in three cycles, producing different
quantities of synthetic abnormal data points: 15747 in the first cycle, 21073 in the
second, and 15236 originally generated in the third. However, to align the synthetic
data with the actual distribution of real data, only 5357 data points from the third cycle
were randomly selected for use. This approach was necessary to balance the number
of synthetic abnormal data points with the real abnormal data, which totaled 1959.
Thus, the combined total of synthetic and real abnormal data reached 44136, precisely
matching the count of real normal data. The final dataset for the ANN model training
comprised 44136 abnormal data points (both real and synthetic) balanced with 44,136
real normal data points, bringing the total dataset to 88272 data points. All of the detail

about the data show in Table 4.1 below.
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Table 4.1: Distribution of real and synthetic data using NA.

Real normal 44136
Real Abnormal 1959
Cycle 1 15747
Synthetic
Cycle 2 21073 42177
Abnormal
Cycle 3 (Randomly Select) 5357
Total 88272

4.4.3 Synthetic Data Generation using Tabular Generative Adversarial
Network
The results of using TGAN to generate synthetic abnormal data demonstrate a
successful balancing of the dataset, where the abnormal real data was initially a
minority. The TGAN model was applied solely to the abnormal real data, allowing it
to focus on generating realistic synthetic samples that enhance the representation of
these critical points. As depicted in Figures 4.22, the distribution of synthetic abnormal
data closely aligns with the real abnormal data. Prior to the generation of SD, the
dataset was heavily skewed towards normal instances, limiting the model's ability to
accurately detect and predict anomalies. After TGAN augmentation, the dataset
became more balanced, which is essential for improving the model’s training and
performance, particularly in detecting rare abnormal conditions. In comparison, the
NA method generated SD using the entire dataset, including both normal and abnormal
instances, resulting in a broader augmentation. However, TGAN's targeted approach
on abnormal data provided a more effective solution for balancing the minority class,

enhancing the model’s ability to focus on anomaly detection.
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Figure 4.22: Distribution of real and synthetic abnormal data using TGAN.

The KL Divergence results provide a quantitative measure of how closely the SD
generated by TGAN matches the real data for each feature. The KL Divergence values
are as follows, with Current being 2.789, Radiation at 1.568, Temperature at 0.257,
Humidity at 0.228, X at 0.215, and Y at 0.938. These values are close to 0 and indicate
that SD closely aligns with the real data, as evidenced by the low KL Divergence
values. KL Divergence, also known as Kullback-Leibler Divergence, is a statistical
measure used to determine how one probability distribution diverges from a second,
expected probability distribution. It quantifies the amount of information lost when
using one distribution to approximate another, thus providing a metric for the

similarity between the generated synthetic data and the original real data distributions.

The correlation matrices shown in Figure 4.23 provide a detailed comparison of the
relationships between features in the real and synthetic datasets. The matrix on the left

represents the real data, while the one on the right corresponds to the SD generated
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using TGAN. In both matrices, correlation values range from -1 to 1, where values
closer to 1 indicate a strong positive correlation, and those closer to -1 indicate a strong
negative correlation between features. A value close to 0 suggests little or no

correlation.

Upon examining the two matrices, it was observed that TGAN successfully replicated
the general structure of correlations from the real data. For example, key relationships
between features are preserved across both datasets. However, there are some minor
discrepancies in the strength of correlations, such as the correlation between specific
feature pairs (e.g., -0.7 in the real data versus -0.41 in the SD for temperature,
humidity, x-axis and y-axis features). These differences may arise due to TGAN's
focus on generating SD for the minority abnormal class, which can slightly alter some
feature relationships. Despite these variations, the overall similarity between the two
matrices indicates that TGAN maintains the essential correlations, ensuring the SD

remains representative of the real data for the predictive maintenance task.
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Figure 4.23: Correlation matrix of real and synthetic data using TGAN.
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The Kernel Density Estimation (KDE) plots presented in Figures 4.24 compare the
distribution of real data (orange) and SD (blue) generated using TGAN. KDE plots
provide a smooth representation of the data's probability density, making it easier to
observe the overall distribution patterns. In most plots, the SD closely aligns with the
real data, with similar peaks and downturns indicating that TGAN has effectively

captured the underlying distribution.

However, there are slight differences in some regions where the SD shows higher or
lower peaks compared to the real data. These variations suggest that while TGAN has
successfully modeled the overall structure, some deviations are present, particularly
in the tail regions of the distributions, where the density of the SD either slightly
overestimates or underestimates the real data. Despite these minor discrepancies, the
KDE plots demonstrate that the SD retains the key characteristics of the real data,

ensuring its usefulness for tasks like PdM.
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Figure 4.24: KDE plot of real and synthetic abnormal data.
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The TGAN-based SD generation process effectively balances the dataset by
generating abnormal data until the total of synthetic abnormal and real abnormal data
equals the amount of real normal data. Notably, this TGAN generates 42177 rows of
SD directly without needing to run the process multiple times, as TGAN efficiently
learns and replicates the data distribution in a single run. The KDE plots, correlation
matrices, and KL Divergence results confirm that TGAN preserves the key
characteristics and relationships of the real data, though some discrepancies are
evident, particularly for features like current and radiation. Despite these differences,
the overall alignment between the real and SD ensures that the SD is representative
and valuable for enhancing model performance in predictive maintenance tasks,

especially in improving the detection and analysis of abnormal conditions.
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4.5 Machine Learning Model Performance

In this analysis, an ANN model was utilized to predict anomalies in a CT scan
machine. The dataset includes both real-world abnormal data and synthetic abnormal
data generated using NA and TGAN. By combining these approaches, the class
imbalance problem was mitigated, enabling the model to generalize more effectively.
The performance of the ANN model was evaluated using various metrics, providing
insights into its ability to distinguish between normal and abnormal machine
conditions. Figures 4.25 and Figure 4.26 show the training and validation graph for
both methods. The overall comparison of the model performance, as shown in Table
4.2, highlights that the TGAN method consistently achieves higher accuracy and lower
loss compared to the NA method. Specifically, TGAN results in an average accuracy
of 99.53%, which is 0.89% higher than NA’s average accuracy of 98.64%.
Additionally, the TGAN method has a significantly lower average loss of 1.43%,
compared to the NA method’s 4.05%. These results confirmed the effectiveness of
TGAN in generating SD and improving the overall performance of the PdAM model.

The benchmark performance from the literature review is discussed in section 2.8.
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Figure 4.25: Training and validation graph using NA.
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Figure 4.26: Training and validation graph using TGAN.

Tables 4.3 to 4.4 and Figures 4.27 to 4.28 compare the performance of the ANN model
using NA and TGAN data generation methods. In Table 4.2, the NA method shows
strong results with precision of 0.97 for class 0 and 0.99 for class 1, while recall and
F1-scores are both around 0.98. Table 4.3, showing the TGAN method, achieves
perfect precision, recall, and F1-scores of 1.00 for both classes, clearly outperforming
the NA method. The ROC curves in Figures 4.19 (NA) and 4.20 (TGAN) show perfect
discrimination, each with an AUC of 1.00. Despite similar ROC results, the TGAN
method consistently provides better overall performance with flawless accuracy,
precision, recall, and F1-scores. While the NA method performs well, it does not match
the robustness of TGAN in these metrics. This comparison demonstrates that although
both methods are highly effective, TGAN offers superior reliability. From these
evaluations, it is observed that TGAN is successfully generated SD for abnormal class
better due to the generator and discriminator operations which eliminate the unrealistic
abnormal data. The NA generated SD based on the distribution of normal data and

may limit the creation of the SD.
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Table 4.2: Accuracy and loss of k-fold validation for both methods.

Fold NA (%) TGAN (%)

Accuracy Loss Accuracy Loss

1 98.83 3.55 99.54 1.45

2 98.80 3.60 99.55 1.36

3 97.76 6.49 99.54 1.43

4 99.65 0.94 99.55 1.39

5 98.15 5.67 99.48 1.51
Average 98.64 4.05 99.53 1.43

Table 4.3: Classification report for NA.

Precision Recall F1-score Support

Normal (0) 0.97 0.99 0.98 4330
Abnormal (1) 0.99 0.97 0.98 4410
Accuracy 0.98 8740

Macro Average 0.98 0.98 0.98 8740
Weighted Average 0.98 0.98 0.98 8740

Table 4.4: Classification report for TGAN.

Precision Recall Fl-score Support

Normal (0) 1.00 1.00 1.00 4393
Abnormal (1) 1.00 1.00 1.00 4347
Accuracy 1.00 8740

Macro Average 1.00 1.00 1.00 8740
Weighted Average 1.00 1.00 1.00 8740
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Figure 4.27: ROC AUC for NA.
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Figure 4.28: ROC AUC for TGAN.

Comparing the confusion matrices in Table 4.5 (NA method) and Table 4.6 (TGAN
method) reveals a clear advantage for the TGAN method in terms of classification
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performance. In the NA method, 24 instances of class 0 were misclassified as class 1,
and 137 instances of class 1 were misclassified as class 0. In contrast, the TGAN
method shows much fewer misclassifications, with only 19 misclassified instances for
class 0 and 21 misclassified instances for class 1. This difference is particularly notable
for class 1, where the TGAN method significantly reduces misclassification errors
from 137 to 21. Overall, the TGAN method demonstrates better performance, with
fewer misclassified data points, especially for abnormal data, leading to more reliable

and accurate model predictions.

The inclusion of synthetic data using the TGAN method significantly enhances the
model's predictive capabilities compared to not having synthetic data. Without the
addition of synthetic data, the model may suffer from a lack of diversity in the training
examples, particularly for rare abnormal conditions that are critical for training robust
predictive models. This limitation can lead to higher error rates and less confidence in
the model's ability to generalize to new, unseen scenarios. With synthetic data,
however, the model gains a more comprehensive understanding of potential variations
and complexities in the data, enhancing its ability to accurately identify and classify

both normal and abnormal conditions.
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Table 4.5: Confusion matrix for NA.

Confusion Matrix NA (Test Set)
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Table 4.6: Confusion matrix for TGAN.
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The models produced using both methods (NA and TGAN) were compared separately
from the ANN model based on SD generated by expanding the head and tail from
Mohd et al. (2023) due to differences in data used during model development. Figure
4.29 presents the prediction result comparison between the NA (orange) and TGAN

(green) models, while Figure 4.30 exclusively shows the results from the Mohd et al.
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(2023) model (blue). The model validation stage is performed by comparing the
prediction results on the collected data from the study site from September 2023 until
December 2023. In both figures, the Y-axis represents the average prediction values,
and the X-axis represents days, where Day 1 corresponds to 1 September 2023, and
Day 122 corresponds to 31 December 2023. The maintenance event occurred on Day

99 (8 December 2023), marked by the dashed line.

In Figure 4.30, the results from the Mohd et al. (2023) model (blue line) indicate that
the machine is predicted to break down, as all readings were high before maintenance.
In contrast, Figure 4.29 illustrates the comparison between the NA (orange) and TGAN
(green) models. The TGAN model provides a clearer distinction between real
breakdowns and normal machine conditions compared to NA. The NA model
consistently shows high predictions, making it more sensitive, while the TGAN model

suggests a lower risk after maintenance compared to Mohd et al. (2023).

The superior performance of TGAN is due to its ability to generate synthetic data using
all six input features (current, radiation, temperature, humidity, X, Y) with
Mahalanobis Distance (MD) as the output feature. This approach enables TGAN to
preserve meaningful feature relationships, ensuring that the generated data closely
resembles real-world conditions. For instance, under normal circumstances, low
radiation levels correspond to a stable machine state with lower current usage. By
maintaining these feature correlations, TGAN produces more accurate breakdown

predictions.
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In contrast, the NA method, which expands the tail of the data distribution, randomly
assigns values to the features. This can result in physically unrealistic combinations,
such as high radiation with low current usage, which is unlikely to occur in a real CT
scan machine. As a result, the NA model becomes overly sensitive, frequently
predicting breakdowns even when the machine is in a normal operating state. Although
this sensitivity makes NA useful for early warning detection, it is less reliable than

TGAN in distinguishing between normal and breakdown conditions.
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Figure 4.29: Prediction result from NA and TGAN models using data September
2023 to December 2023.
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Mohd et al. (2023) with Maintenance Event
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Figure 4.30: Prediction result from Mohd et al. (2023) model using data
September 2023 to December 2023.

After investigating, the main reason that led to the need for maintenance, it was
determined that temperature was a critical factor. Figures 4.31 to 4.36 show the
readings for November for all features, where only the temperature readings were
significantly lower than expected, with an average temperature of 21°C. According to
Alahmari (2022) operating below the recommended temperature range, typically
around 22.2 to 23.8 degrees Celsius (72 to 75 degrees Fahrenheit), can adversely affect
the machine's operational efficiency and may lead to increased mechanical wear or
failure. Based on these results, it can be concluded that both the TGAN and Mohd et
al. (2023) models successfully predict the breakdown. However, it cannot be
determined which one outperforms the other since there was only one maintenance

report available.
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Figure 4.31: Current reading on November 2023.
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Figure 4.32: Radiation reading on November 2023.
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Figure 4.34: Humidity reading on November 2023.
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Figure 4.35: Vibration of x-axis reading on November 20&3.
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Figure 4.36: Vibration of x-axis reading on November 2023.
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4.6 Limitations

The research presents several limitations that impact the accuracy and generalizability
of the findings. One major challenge is the synchronization of sensor data, as different
sensors operate on varying intervals, such as current and acceleration data collected
every minute, radiation every three minutes, and temperature and humidity every ten
minutes. This inconsistency complicates real-time analysis and may require
interpolation techniques, which can introduce errors. Another limitation is that while
real-time data is crucial for predictive maintenance, some sensors, like those
measuring radiation, provide cumulative values rather than real-time readings, which

can delay anomaly detection and affect timely decision-making.

Moreover, the application of MD for abnormal detection faces constraints when
dealing with too much data, as large datasets can make it difficult to accurately define
elliptical boundaries for outlier detection, which can affect the efficiency and accuracy
of the analysis. The NA method used to generate synthetic abnormal data also presents
a challenge, as it is specifically designed for the current sensor setup and environment.
Its applicability to other sensor types or environments would require further research
and adaptation, limiting its broader usability. Additionally, the lack of a comprehensive
CT scan machine maintenance report complicates the validation of prediction results,
as currently, only one maintenance report is available. This is insufficient for drawing
conclusive insights. More maintenance reports would allow for a better evaluation of

the model’s predictive capabilities.
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The prediction results, based on real breakdown data validation, are produced by
averaging hourly breakdown values into daily predictions. While this approach
highlights changes in prediction patterns, it does not pinpoint the exact time of
potential breakdowns. This limitation requires technicians to regularly monitor these
pattern changes, with alarms triggered by high prediction results. However, the limited
amount of real abnormal data remains a significant constraint. Despite the use of
synthetic data generation methods like NA, the scarcity of real-world abnormal
instances could reduce the model's generalization capability and its ability to detect
rare events effectively. More real abnormal data is needed to improve the robustness

and accuracy of the predictive maintenance model.

4.7 Summary

The dataset used in the experiment consists of 88,272 data points, combining both real
and SD, classified as normal or abnormal using MD. The SD was generated using two
methods which are NA and TGAN. After preprocessing, missing values were filled
using time interpolation. An ANN model was employed to predict anomalies, with
TGAN outperforming NA in terms of accuracy and loss. TGAN achieved 99.53%
accuracy, compared to NA's 98.64%. The final validation of the ANN model on real
breakdown that happened in November 2023 shows that the model is able to predict
the breakdown of the CT scan machine and this matched to the maintenance report
provided by the vendor. Despite limitations, such as the scarcity of real abnormal data
and data synchronization challenges, the study demonstrates the effectiveness of SD
in enhancing predictive maintenance models. All algorithms are done using Python

3.7.9 version and the source code used as attached in Appendix A.
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CHAPTER 5

CONCLUSION

5.1 Conclusions

In conclusion, this study addresses the challenge of improving PdM for CT scan
machines using data collected from loT sensors. The research begins by identifying
three key problems which are the absence of an effective anomaly detection method
for high-dimensional sensor data, the lack of real abnormal data and the difficulty in
building a robust model capable of predicting both real and SD. These issues create
significant obstacles in accurately detecting anomalies and failures in CT scan
machines, which are crucial for timely maintenance and minimizing machine

downtime.

The objectives of the study were to implement a reliable method to detect abnormality,
generate SD that mimics abnormal machine conditions, and evaluate the effectiveness
of different approaches in enhancing the PdM model’s predictive capabilities.
Specifically, the research aimed to detect abnormality in the dataset using the MD and
to generate SD using two techniques, NA and TGAN. The final goal was to assess the

performance of an ANN model trained on both real and synthetic data.

To achieve these objectives, two methods for generating SD were employed. The NA
method involved adding noise to the real data to simulate abnormal conditions, while
TGAN focused on generating synthetic abnormal data to balance the dataset. The MD

method, using a critical value of 3.5485 with a 95% confidence level, successfully
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separated 46,095 real data points into 1,959 abnormal and 44,136 normal data points.
Both NA and TGAN methods successfully generated 44,136 synthetic abnormal data

points, effectively balancing both classes in the dataset.

The results showed that while the NA method achieved a model accuracy of 98.64%,
the TGAN method produced SD that closely aligned with the real data distribution,
resulting in a higher model accuracy of 99.53% and superior performance metrics such
as lower loss, higher precision, recall, and Fl-scores. The TGAN method also
produced fewer misclassifications, making it a more reliable approach for detecting
anomalies in CT scan machines. In the model validation stage, three methods were
compared on real data collected from September 2023 until December 2023. The

maintenance work was reported in November 2023.

Further analysis revealed that the high prediction rate of machine breakdowns was due
to the machine operating below the recommended temperature range. This factor is
significant because prolonged operation under suboptimal temperature conditions can
lead to mechanical wear, reduced lubrication efficiency, and increased component
stress, ultimately accelerating mechanical degradation. The TGAN model effectively
captured these patterns, demonstrating better visualization of pattern changes in
predicting machine breakdowns compared to NA and the head-and-tail expansion

methods.

This study demonstrates that TGAN is a more effective method for generating
synthetic abnormal data and enhancing the performance of PdAM models, particularly
when real abnormal data is limited. The findings highlight the importance of using
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advanced data generation techniques like TGAN to improve the reliability and
accuracy of predictive maintenance systems in industrial applications, ensuring timely

detection of potential failures and reducing downtime.

5.2 Future Work

Several areas for future work can enhance the accuracy and scope of this research. One
significant direction is developing frameworks that synchronize data collection across
sensors, ensuring that all data streams are captured in real-time and at consistent
intervals. This would resolve the current issue of asynchrony between different

sensors, such as radiation, current, and temperature, enabling more accurate analysis.

Improving real-time radiation monitoring is another key focus, moving away from
cumulative readings and implementing continuous, real-time data collection
techniques. This would help in more immediate abnormal detection and quicker
response times. Additionally, optimizing the MD method or exploring alternative
techniques that handle large datasets more effectively could enhance the accuracy of
outlier detection in extensive data collections. Exploring dimensionality reduction

methods or developing new computational algorithms could address this issue.

The NA method, while effective in the current setup, should be tested and adapted for
other types of sensors and environments. Future research should aim to generalize the
NA approach, making it applicable across various industrial settings. Another crucial

step is the collection of more CT scan machine maintenance reports to further validate

120



the predictive maintenance results. Gathering additional maintenance data will provide

better support for assessing the accuracy of predictions.

The current prediction results are presented as daily averages, which has limitations in
identifying the exact time a breakdown may occur. Therefore, future work should
focus on improving the indication of the precise breakdown duration to enhance
maintenance scheduling and response times. Finally, the collection of more real
abnormal data remains a priority. Collaborating with industry partners from different
manufacturer to gather real-world abnormal data or creating simulated failure
scenarios could help expand the dataset, which would improve the model's

performance in detecting rare events and anomalies.
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APPENDICES

Appendix A

Noise Addition (NA)
import pandas as pd
import numpy as np

import matplotlib.pyplot as plt

# Load the clean data

data = pd.read csv("latest data clean nomean.csv")

# Function to normalize a column
def normalize(column):
min_val = column.min()
max_val = column.max()

return (column - min_val) / (max_val - min_val), min_val, max_val

# Function to add noise to a column following its distribution
def add noise(column, noise factor=0):
noise = np.random.normal(0, column.std() * noise_factor, len(column))

return column + noise
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# Function to revert normalization
def revert normalization(normalized column, min_val, max_val):

return normalized column * (max val - min_val) + min_val

# Normalize the data
normalized data = data.copy()
min_max_values = {}
for feature in data.columns:
if feature !='"target": # Exclude target column if exists
normalized data[feature], min_val, max_val = normalize(data[feature])

min_max_values[feature] = (min_val, max _val)

# Generate noisy data
noisy_normalized data = normalized data.copy()
for feature in normalized data.columns:
if feature !='"target": # Exclude target column if exists

noisy normalized data[feature] = add noise(normalized data[feature])

# Revert normalization
noisy_data = noisy_normalized data.copy()
for feature in noisy normalized data.columns:
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if feature !="target': # Exclude target column if exists
min_val, max_ val = min_max_values|feature]

noisy data[feature] = revert normalization(noisy normalized data|feature],

min_val, max_val)

# Visualize the distribution before and after adding noise

fig, axes = plt.subplots(nrows=2, ncols=3, figsize=(15, 10))

for 1, ax in enumerate(axes.flat):
if 1 < len(data.columns):
ax.hist(data[data.columns[i]], bins=30, color="blue', alpha=0.5, label='Original')

ax.hist(noisy data[noisy data.columns[i]], bins=30, color="red', alpha=0.5,

label="Noisy")
ax.set_title(data.columns][i])

ax.legend()

plt.tight layout()

plt.show()

# Save the noisy data to a new CSV file

noisy data.to_csv("NF0.csv", index=False)
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# Print the minimum and maximum values from noisy data

min_max_noisy data =noisy data.agg(['min', 'max'])

# Display the results

print(min_max_noisy data)

Tabular Generative Adversarial Network (TGAN)

# Import necessary libraries

import pandas as pd

import numpy as np

from tabgan.sampler import GANGenerator

from sklearn.model selection import train_test split

from sklearn.metrics import mean_squared error

from sklearn.preprocessing import MinMaxScaler

from scipy.stats import ks_2samp, entropy, wasserstein_distance

import matplotlib.pyplot as plt

import seaborn as sns

# Load your dataset from 'datatoday.csv'

data = pd.read csv("datatoday.csv")
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# Separate input features (Current, Radiation, Temperature, Humidity, X, Y) and the

target variable (Mahalanobis Distance)

train _data = data[['Current', 'Radiation', "Temperature', 'Humidity', X', "Y']]

target data = pd.DataFrame(data['Mahalanobis Distance'])

# Normalize the input features using Min-Max scaling

scaler = MinMaxScaler()

train_data_normalized = pd.DataFrame(scaler.fit _transform(train_data),

columns=train_data.columns)

# Split the data into train and test sets (e.g., 90% train, 10% test)

train, test, target train, target test = train_test split(train_data normalized,

target data, test size=0.1, random_state=42)

# Generate synthetic data using GANGenerator

new_train, new_target = GANGenerator(

gen_params={"batch_size": 500, "epochs": 10, "patience": 5}

(.generate data_pipe(train, target train, test)

# Save the generated synthetic data

new_train.to_csv('synthetic_train.csv', index=False)
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new_target.to csv('synthetic target.csv', index=False)

# Resize synthetic data to match real data size

new train resized = new_train.sample(n=len(train),

random_state=42).reset index(drop=True)

# Inverse transform the normalized data back to original scale

new_train_resized original =
pd.DataFrame(scaler.inverse transform(new_train_resized),

columns=new _train_resized.columns)

train_original = pd.DataFrame(scaler.inverse transform(train),

columns=train.columns)

Artificial Neural Network (ANN)

# Importing necessary libraries

import numpy as np

import pandas as pd

import tensorflow as tf

from sklearn.model selection import train_test split, KFold

from sklearn.preprocessing import MinMaxScaler
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from sklearn.metrics import confusion matrix, classification report,

precision_score, recall score, f1 score, roc_curve, auc
import matplotlib.pyplot as plt

import seaborn as sns

# Loading dataset

data = pd.read_csv("Label.csv")

# Splitting features (X) and labels (Y)
X = data.iloc][:,:-1].values

Y = data.iloc[:,-1].values

# Splitting dataset into 70% training, 20% validation, 10% testing

X train, X temp, Y train, Y _temp = train_test split(X, Y, test size=0.3,

random_state=0)

X val, X test, Y val, Y test=train test split(X temp, Y temp, test size=0.33,

random_state=0) # 33% of 30% = 10%

# Feature scaling
sc = MinMaxScaler()

X train = sc.fit_transform(X _train)
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X val = sc.transform(X_val)

X test = sc.transform(X_test)

# Implementing K-fold cross-validation with K=5

kfold = KFold(n_splits=5, shuffle=True, random_state=0)

fold no=1

# Loop over each fold
for train_index, val index in kfold.split(X_train):
X train_fold, X val fold =X train[train_index], X train[val index]

Y train_fold, Y val fold=Y _train[train_index], Y train[val index]

# Initializing the ANN

ann = tf.keras.models.Sequential()

# Adding layers
ann.add(tf keras.layers.Dense(units=6, activation="relu"))
ann.add(tf keras.layers.Dense(units=6, activation="relu"))

ann.add(tf keras.layers.Dense(units=1, activation="sigmoid"))
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# Compiling the ANN

ann.compile(optimizer="adam", loss="binary crossentropy", metrics=['accuracy'])

# Fitting the ANN

print(f'Training fold {fold no}..."

history = ann.fit(X_train_fold, Y train_fold, batch size=16, epochs=100,

validation_data=(X val fold, Y val fold))

# Saving the model for the current fold

ann.save(f"'test2024 fold {fold no}.h5")

# Making predictions on the validation fold

Y pred fold prob = ann.predict(X val fold)

Y pred fold = (Y _pred fold prob > 0.5).astype("int32")

# Confusion matrix

cm = confusion_matrix(Y_val fold, Y pred fold)

# Calculating metrics

accuracy = np.sum(Y_pred fold ==Y wval fold)/len(Y val fold)

precision = precision_score(Y val fold, Y pred fold)
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recall = recall score(Y val fold, Y pred fold) # Sensitivity

fl1 =f1 score(Y _val fold, Y pred fold)

tn, fp, fn, tp = cm.ravel()

specificity = tn / (tn + fp) # True Negative Rate

# Print out metrics for each fold

print(f"Fold {fold no} Results:")

print(f"Accuracy: {accuracy:.4f}")

print(f"Precision: {precision:.4f}")

print(f"Sensitivity (Recall): {recall:.4f}")

print(f"'Specificity: {specificity:.4f}")

print(f"F1 Score: {fl:.4f}")

# ROC Curve and AUC

fpr, tpr, =roc curve(Y val fold, Y pred fold prob)

roc_auc = auc(fpr, tpr)

# Plot ROC curve for each fold

plt.figure()
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plt.plot(fpr, tpr, color='darkorange', Iw=2, label=f'ROC curve (area =

{roc_auc:.2f})")

plt.plot([0, 1], [0, 1], color="navy', Iw=2, linestyle='--")

plt.xlim([0.0, 1.0])

plt.ylim([0.0, 1.05])

plt.xlabel('False Positive Rate')

plt.ylabel('True Positive Rate')

plt.title(fReceiver Operating Characteristic (Fold {fold no})")

plt.legend(loc="lower right")

plt.show()

# Plotting training and validation accuracy/loss for each fold

plt.figure(figsize=(12, 5))

# Accuracy

plt.subplot(1, 2, 1)

plt.plot(history.history['accuracy'], label="Train Accuracy")

plt.plot(history.history['val accuracy'], label='Validation Accuracy")

plt.title(f Training and Validation Accuracy (Fold {fold no})")

plt.xlabel("Epochs')

plt.ylabel('Accuracy')

147



plt.legend()

# Loss

plt.subplot(1, 2, 2)

plt.plot(history.history['loss'], label="Train Loss')

plt.plot(history.history['val loss'], label="Validation Loss")

plt.title(f Training and Validation Loss (Fold {fold no})")

plt.xlabel('"Epochs')

plt.ylabel('Loss")

plt.legend()

plt.tight layout()

plt.show()

# Confusion matrix visualization for each fold

plt.figure(figsize=(10, 7))

sns.heatmap(cm, annot=True, fmt='d', cmap='Blues")

plt.xlabel('Predicted")

plt.ylabel('Actual’)

plt.title(f Confusion Matrix (Fold {fold no}))

plt.show()
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# Increment fold number

fold no+=1

# Making predictions on the test set

Y pred_test prob = ann.predict(X_test) # Get probabilities

Y pred test= (Y pred test prob > 0.5).astype("int32") # Apply threshold of 0.5

# Confusion matrix for the test set

cm_test = confusion_matrix(Y _test, Y pred test)

# Calculating metrics for the test set

accuracy_test = np.sum(Y_pred test==Y test)/len(Y _test)

precision_test = precision_score(Y test, Y pred test)

recall test =recall score(Y test, Y pred test) # Sensitivity

fl test=fl score(Y test, Y pred test)

tn_test, fp_test, fn_test, tp_test =cm_test.ravel()

specificity test =tn_test/ (tn_test + fp_test)

# Print out test metrics

print("\nTest Set Results:")

print(f"Accuracy: {accuracy test:.4f}")
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print(f'Precision: {precision_test:.4f}")

print(f"'Sensitivity (Recall): {recall test:.4f}")

print(f"'Specificity: {specificity test:.4f}")

print(f"F1 Score: {f1 test:.4f}")

# Printing classification report

print("\nClassification Report:")

print(classification_report(Y test, Y pred test))

# ROC Curve and AUC for test set

fpr_test, tpr_test, =roc_curve(Y test, Y pred test prob)

roc_auc_test = auc(fpr_test, tpr_test)

# ROC Curve and AUC for test set with adjusted x-axis start

plt.figure(figsize=(8, 6)) # Adjusting the figure size

plt.plot(fpr_test, tpr_test, color="darkorange', lw=2, label=f'ROC curve (area =

{roc_auc test:.2f})")

plt.plot([0, 1], [0, 1], color="navy', Iw=2, linestyle="--")

plt.xlim([-0.05, 1.0]) # Shifting the x-axis slightly to the left

plt.ylim([0.0, 1.05])

plt.xlabel('False Positive Rate")
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plt.ylabel('True Positive Rate')

plt.title('Receiver Operating Characteristic (Test Set)")

plt.legend(loc="lower right")

# Adjusting the margins for better visualization

plt.subplots_adjust(left=0.1, right=0.9, top=0.9, bottom=0.1)

plt.show()

# Confusion matrix visualization for test set

plt.figure(figsize=(10, 7))

sns.heatmap(cm_test, annot=True, fmt='d', cmap='Blues')

plt.xlabel('Predicted")

plt.ylabel('Actual’)

plt.title('Confusion Matrix (Test Set)')

plt.show()
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Appendix B

Dataset
Current Radiation Temperature Humidity X Y
4.626756 19004.28 20.8 53.5 -0.991 0.027
4.256624 89478.48 21.5 51.5 -0.985 0.026
4.265372 0 222 52 -0.986 0.021
4.34155 46182.44 21.3 42 -0.979 0.019
3.850556 10324.44 22.1 39 -0.998 0.017
3.54746 0 19.5 47 -0.994 0.026
3.496731 21471.96 2255 47 -0.985 0.021
4.042864 9157.71 8o 2 41.5 -0.972 0.006
3.900106 0 2% 48 -0.995 0.02
4.113165 2365.07 B 8 49.5 -0.99 0.023
3.521462 0 20.3 43.5 -0.987 0.028
3.616104 0 p. | 55.5 -0.976 0.026
3.52326 536870.9 24 44.5 -0.988 0.017
5.329096 47197.44 19.9 41.5 -0.981 0.022
4.175244 0 20.9 41.5 -0.978 0.016
3.976616 0 2 56.5 -0.99 0.024
4.083233 0 »e 45 -0.97 0.036
5.522747 39768.21 »e 49.5 -0.991 0.028
3.849946 38347.92 20.7 41 -0.991 0.018
4.047408 0 22 53 -0.976 0.027
3.76789 10764.32 21.5 40.5 -0.984 0.021
3.567756 12521.77 222 50.5 -0.994 0.026
4.15998 16711.93 223 38.5 -0.977 0.024
3.825842 0 21.1 42.5 -0.985 0.025
4.176133 41297.76 20.9 48 -0.988 0.025
3.827674 19611.72 214 43.5 -0.983 0.021
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5.273796 20648.88 22.8 38 -0.983 0.02

3.80056 12820.79 222 42 -0.977 0.028
3.624221 41297.76 20.8 49.5 -0.98 0.019
3.809787 0 223 43 -0.977 0.027
3.896916 0 21 54.5 -0.987 0.02
3.898157 0 21.2 55.5 -0.98 0.028

3.97947 0 21.6 54 -0.988 0.029
3.421705 39768.21 214 45.5 -0.981 0.022
3.383224 0 21.1 51 -0.984 0.025
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Appendix D
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Frequency

Noise Factor =2
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Noise Factor =4

Frequency
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Appendix E

1. CT Scan Machine (The Aquilion Lightning TSX-035A)

e A 16-row, 32-slice helical CT scanner from Canon Medical Systems.
e Features:
1. Dose reduction: Features like AIDR3D Enhanced and Exposure 3D
reduce radiation dose.
2. Subtraction: Removes bone and calcium from data sets.
3. Navigation mode: Guides the operator through each step of the
examination with computer graphics and animation.
4. Intelligent filming: Automatically compiles images in a predefined
layout.
5. SEMAR: Reduces metal artifacts so that soft tissue structures can

be clearly visualized.

Aquilion

{ _ 780y
wide bore
\\" A

2. Milesight AM103 (CO2 & Humidity & Temperature Sensor)

e (CO2 & Humidity & Temperature, Vivid Emoticon Indication, Traffic
Light Status Indicator

e 2 x 2700 mAh ER14505 Li-SOCI2 Replaceable Batteries (10 min
interval).

e Low Power Consumption & Smart Screen Mode
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AM103 detects the temperature beyond the range from 0°C to 40°C,
the screen will turn off automatically.

Dimensions: 68 % 65 x 20.5 mm (2.68 % 2.56 x 0.81 in)

Data transmission range: Up to 2 km in urban areas and 15km in rural

arcas.

3. Schneider PM5110 (Energy meter)

Energy meter with a 96mm-by-96mm backlit LCD display.

The meter provides Class 0.5S accuracy per IEC 62053-22 standard
and 64 samples per cycle.

Measure Energy, Active and Reactive Power, Voltage, Current,
Frequency, Power Factor and up to 15th Harmonic.

The meter will function in a SOHz or 60Hz network and accepts supply
voltage ranging from 100 to 415 VAC and 125 to 250 VDC.

Line rated current for this meter is 1A or 5A input and will support
Single Phase and Neutral, Three Phase, or Three Phase and Neutral
configurations.

The range of measurement voltage between Phases is 35 to 690 VAC
at 47 to 63 Hz.

Measurement range between Phase and Neutral is 20 to 400VAC at 47
to 63 Hz.

Communication protocol is Modbus RTU and ASCII 2 wires with
RS485 port support. T

The meter also has one digital pulse output and 33 configurable alarms.
Product dimensions are as follows: width 3.78 inches (96 millimeters),
depth 2.83 inches (72 millimeters), height 3.78 inches (96 millimeters)
and product weight 13.4 ounces (380 g).

4. RAD-S101 (Nuclear radiation sensor)

Size with length 110*width 65*height 33mm.
Measuring range is 0.15 to 36000 pSv/h.
Measurement type are hard beta rays, gamma rays and X-rays.

Sensitivity about 450cpm/mR/h.
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e Power supply is around 7-24VDC

5. MK926 MEMS (Accelerometer sensor)
e Sensor can capture data along three axes: X, Y, and Z.
e Vibration frequency and amplitude of the accelerometer to monitor the
compaction speed, velocity, and excitation force.
e (alculate the excitation force at that moment through amplitude and

frequency.
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