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Abstract

The rapid advancement of information and communication technologies (ICT) and
artificial intelligence (AI) has catalysed a significant shift in maintenance practices
within the building industry, paving the way for a data-driven paradigm. Predictive
maintenance (PdM) has emerged as a critical approach to anticipating failures and
reducing unscheduled maintenance tasks. However, the surge in ICT implementations
within building-related infrastructure presents several challenges for PdM research and
development. Current frameworks are often constrained to specific facilities and lack
scalability and generality. Additionally, existing studies focus on condition monitoring
and fault detection, with insufficient attention to failure prediction. The effectiveness
of PAM has also been hindered by the dependence on labelled datasets, which are
expensive and time-consuming to generate. Furthermore, indoor climate management
is crucial tobuilding performance. However, it has received less attention than facilities
maintenance in PdM research despite its integral role in occupant comfort and

environmental sustainability.

In response to these challenges, this thesis introduces a unified framework that
integrates Industry 4.0 technologies within a digital twin (DT) structure, grounded in
the innovative Six M methodology—Machine, Manpower, Material, Measurement,
Milieu, and Method. This approach emphasises the entire building lifecycle, enabling
stakeholders to optimise operations, resource allocation, and decision-making across
multiple facets of building management. The 6M methodology is crucial for
transforming PdM by providing a structured and holistic approach to integrating diverse
building assets and operational processes within the DT environment, thereby
enhancing system scalability and operational efficiency. The research also employs a
Three-by-Three M analysis methodology and a keywords network analysis to identify
key research clusters and critical factors in existing DT-enabled PdM-related studies.
This analysis underscores the transformative potential of DTs in revolutionising PdM

applications across the building industry.

These fundamental studies pave the way for future PdM applications in the building
and construction (B&C) industry, significantly advancing maintenance strategies.

Following a comprehensive investigation, this thesis introduces a pioneering failure
XV



prediction methodology that addresses the challenge of limited labelled datasets by
leveraging semi-supervised generative adversarial networks (GANs). This innovative
approach enables the model to utilise labelled and unlabelled data, reducing thereliance
on costly manual labelling while improving prediction accuracy. Based on publicly
available datasets from building facilities, empirical results demonstrate the model's
superior performance in predicting failures, enhancing the system’s proactive
maintenance capabilities. An online platform was also developed to integrate real-time
monitoring with predictive alarms, allowing for efficient, data-driven decision-making

in building maintenance.

In addition to traditional facilities maintenance, this thesis extends PdM applications to
include indoor climate management, addressing the gap in existing research. Indoor
climate, particularly air quality, directly impacts occupant well-being, comfort, and
productivity and can be an essential indicator of system failures or inefficiencies. Proper
PdM ensures optimal air quality by predicting and preventing system malfunctions that
could lead to poor ventilation, temperature control, or humidity levels. The proposed
framework incorporates remaining useful life (RUL) and time shift (TS) methods,
dividing the prediction tasks into supervised and unsupervised subtasks. A parallel
prediction model, combining long short-term memory (LSTM) networks and
autoencoders (AE), is developed to handle this complex task. An innovative DT-
enabled PdM framework for indoor climates is validated through an online platform
that reconstructs 3D building models and provides real-time monitoring and alerts.
Experimental results demonstrate the framework’s ability to accurately predict faults at
varying warning times and severities using practical datasets from buildings in

Singapore.

In conclusion, this thesis explores the integration of DT and PdM in the building
industry through a comprehensive analysis of four academic papers, leading to
significant contributions in system scalability, efficiency, and sustainability. The
proposed methodologies enhance building maintenance practices and extend PdM’s
impact to encompass critical indoor climate factors, paving the way for more resilient,

cost-effective, and sustainable building operations.
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Chapter 1 Introduction

With increasing interest in automatic and intelligent systems to enhance the B&C
industry, DT is gaining popularity as a cost-effective solution to meet stakeholder
requirements. As a prevailing Industry 4.0 manufacturing technology, DT is often
regarded as a "high fidelity digital model of the physical asset with bi-directional real-
time data exchange for simulation and decisions support functions" [1], as shown in
Figure 1. Often considered to be a versatile and scalable solution [2] [3] [4], DT offers
a cost-effective approach towards resource tracking, scenario simulation, and solution
generation. In recent years, there has been a growing interest from both academia and
industry alike towards the use of DT systems in the B&C industry, which is often
regarded as being behind the curve in terms of intelligence and advancement, with
commonly cited improvement areas during design and engineering processes, on-site

execution, and facility management (FM).

Decision support

\
|
1 . ]
Virtual *Data Intelligence

Twin | |

Physical
Twin

)
a
—
=]

Information collection

Figure 1. Schematic diagram of DT

Building assets maintenance is widely recognised as the most important integral part of
FM because it is considered the most labour-intensive, time-consuming, and influential
process. Effective maintenance strategies can contribute to the service lifecycle
extension and maintenance cost reduction [5]. New knowled ge and methodologies like
DT from Industry 4.0 enabling tools are utilised in Maintenance 4.0 [6] to implement
more advanced and proactive methods, such as failure prediction, fault classification,
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and maintenance schedule optimisation. These new approaches can be assimilated into
the PdM paradigm to address the disadvantages of the current maintenance method.
PdM is a complex data-driven strategy aiming to monitor the condition states and
forecast the failure events of the target asset. On the one hand, its prerequisites are real-
time condition monitoring of components on the specific equipment level. On the other
hand, decision-making in the PAM process is highly reliant on integrating various types
of data and information with Al algorithms. Digital tools, especially the advent of DT,
bring promising opportunities to create effective maintenance strategies and PdM

applications because they significantly enhance data interoperability and reusability.

1.1 Background

DT is considered one effective solution of PdM in the building industry because it
significantly enhances data interoperability and reusability [7]. This section endeavours
to elucidate the historical trajectory and intrinsic attributes of these successive phases
of the building industry, digitalisation technology, and the maintenance industry. By
elucidating the evolution and intersections of these three domains, this section offers
valuable insights into the integration of DT for PAM in the evolving landscape of the
building industry.

1.1.1 Building Industry and Construction 4.0

The building or construction industry is often perceived as a conventional domain with
limited adoption of advanced technologies [8]. Figure 2 describes the division of
evolutionary phases, highlighting the transformative impact of technology on its
trajectory. Beginning with Construction 1.0, characterised by rudimentary tools such as
shovels and diggers, the industry relied on manual labour and basic machinery.
Construction 2.0 ushered in the era of mechanisation, featuring the advent of backhoes,
loaders, and cranes as pivotal technologies, greatly enhancing productivity. The
transition to Construction 3.0 saw software integration, with Autodesk CAD as a
representative technology, revolutionising design and project management. Currently,
the industry stands at the cusp of Construction 4.0 [7], an era characterised by

technology fusion. This phase incorporates ICT, high-fidelity modelling, and Al as
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central components, promising unprecedented efficiency, sustainability, and innovation

in construction practices.
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Figure 2. The evolution of the construction industry
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1.1.2 Digitalisation Development

The importance of digitisation lies in its transformative capacity to enhance efficiency,
productivity, and decision-making across various industries, ushering in a new era of
streamlined operations and innovation [9]. The evolution of digitalisation technology
is depicted in Figure 3, and each phase is marked by remarkable advancements in its
core attributes and capabilities. Commencing with wireless sensor networks (WSN),
digitalisation primarily focused on sensing data collection and status monitoring,
enabling data collection and real-time tracking. Subsequently, the emergence of the
Internet of Things (IoT) introduced a paradigm shift characterised by interconnected
devices and seamless integration with cloud computing, fostering enhanced
communication and data processing capabilities. The progression into the cyber-
physical system (CPS) phase brought a novel dimension, emphasising the integration
of cyber and physical elements while harnessing data analytics to optimise system
performance and decision-making. Presently, the digitalisation landscape is anchored
in the DT stage. It is notable for its high-fidelity modelling and real-time bidirectional

communications, which are pivotal in the journey. Looking ahead, the Metaverse
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promises immersive virtual environments and cross-platform integration, further

reshaping the contours of digitalisation in multifaceted dimensions [10].
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1.1.3 Evolution of Maintenance

Maintenance is the combination of all technical, administrative, and managerial actions
during the product lifecycle to retain or restore it to a state in which it performs the
required function [11], while effective maintenance plays a vital role in delivering the
functionality and serviceability of assets and facilities in B&C industry. The evolution
of maintenance has witnessed a transformative progression from traditional corrective
maintenance practices to a proactive and predictive paradigm, and its evolution history
is outlined in Figure 4. Maintenance was initially developed using the corrective
approach, which addresses failure events after their occurrence and often results in
operational disruptions and costly downtime. Subsequently, scheduled inspections and
repairs are utilised as preventive methods to solve failures and optimise equipment
lifespan. Condition-based maintenance ushered in a more refined strategy, relying on
real-time monitoring systems to detect anomalies and initiate maintenance actions when
necessary. Maintenance is evolving towards the PdM strategy, aiming to optimise asset
reliability and operational efficiency by pre-emptively addressing issues before they

manifest into critical failures.
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1.1.4 Six M Analysis Method

The refined Six M approach, originally developed from Ishikawa’ s diagram [263] and

adapted from [259], was chosen to analyse the critical determinants of successful PAM
projects in the B&C sector. This methodology was selected due to its structured and

comprehensive nature, which allowed for a detailed examination of the key factors—
namely, Man, Machine, Material, Method, Measurement, and Management—across the
project lifecycle. The Six M approach offers a systematic framework that captures the
complexity of PAM projects by highlighting the interaction of technical and managerial

components.

Compared to other available approaches, such as traditional fault tree analysis or root
cause analysis, the Six M method provides a more holistic perspective, making it
particularly suited for the multifaceted nature of PAM in the B&C industry. This
adaptability is especially important in PdM contexts, where the integration of various
technological and human factors plays a decisive role in project success. By using the
refined Six M approach, we ensure that the analysis is not only comprehensive but also
aligns with the complexities and unique challenges of the B&C sector, making it an

ideal choice for this study.
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1.2 Motivation

Although the building industry has developed fast in the last few decades, it is often
touted as inefficient and unproductive due to the lack of cyber-physical
interconnectivity [8]. Asadvanced B&C solutions require advanced representation and
computational models to provide valuable insights and wisdom, DT has emerged as a
core enabler for Construction 4.0 developments, defined as “a means of finding a
coherent complementarity between the main emerging technological approaches in the
construction industry” [7]. Comprising real-time multi-asset connectivity, simulation,
and decision support functionalities, many recent studies have utilised Industry 4.0
technologies with DT systems to fulfil construction-specific applications. However, DT
in construction differs from other industries in that it utilises Building Information
Modelling (BIM) and other domain-specific protocols to meet unique stakeholder
requirements. Hence, there is aneed to explore the role of DT as a platform to integrate
other industry 4.0 techniques holistically to form a technology foundation for
Construction 4.0 and examine the benefits of holistically using DT as a platform from

technical, project management, and building lifecycle perspectives.

Maintenance is widely acknowledged as the most considerable part of the lifecycle of
building facilities and assets, with approximately one-third of management expenses
being attributed to the maintenance process [12]. According to Manyika et al. [13],
promoting predictive strategies can save up to 630 billion USD in the maintenance
process during 2025. Recently, there has been a rising interest from both academic and
industrial sectors towards utilising PdM in the B&C industry. The advent of digital
tools and intelligent algorithms presents a promising prospect for developing strategies
and applications for PdAM in the B&C industry, where efficiency is frequently criticised
due to the underutilisation of advanced technologies and intelligent algorithms [8].
With growing awareness of PAM implementation in the B&C area, there is a need to
gain a deeper understanding of its overview of the application, methodology, research

trends and gaps.

Fault detection and prediction are two critical functions for implementing PdM

solutions. Detection refers to the real-time recognition of abnormal behaviour during
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routine operations, while prediction aims to forecast the likelihood of failure events in
a specific timeframe. Detection contributes to immediate alerts for investigation or
action, whereas prediction helps in maintenance activities planning and resource
allocation optimisation. Typically, higher prerequisites of data, algorithm, and
virtualisation are required by prediction than detection, resulting in less failure
prediction-related research. Overall, failure prediction aims to monitor the condition
states and forecast the failure events of target assets, which relies on the massive real-
time data and prerequisites for the meticulous and comprehensive data labelling
processes. The progression of real-time data acquisition technologies and FM systems
has greatly enriched the data required by intelligent approach, while data labelling
requests domain expertise and a deep understanding of target assets. Therefore,
diminishing the reliance on labelled datasets of PdM solutions can significantly reduce

maintenance costs and improve algorithm efficiency.

Moreover, the emergency of PdM in the building industry has expanded from facilities
to indoor climates, as air quality is highly relevant to residential health, comfort, and
work efficiency. Modern humans’ lifestyles spend more than 80% of'their activities and
lives within indoor environments [14], and the indoor climate is closely related to life
quality and work efficiency [15]. However, most existing pollution policies and
legislation are focused on the outdoor environment, while the negative impacts of
interior pollution are frequently overlooked [16]. Thus, evaluating and improving
indoor air quality (IAQ) has recently become an emerging problem that is raising
attention in academic areas. In the TAQ field, many existing solutions have been
developed for status monitoring and anomaly detection, among which I[oT and Al
algorithms are demonstrated as utility and efficiency solutions [17][18][19]. Therefore,
leveraging the collected environmental datatoachieve failure prediction with advanced

algorithms and improved interaction platforms holds great promise and value.

The identified research gaps can be distilled into the following key motivations, driving
the development of a DT-enabled PdM system aimed at achieving comprehensive,
intelligent, and efficient maintenance and management operations in the building

industry.
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Inefficiency and underutilisation of advanced technologies in the B&C
industry: Despite fast development, the B&C industry is still regarded as

inefficient due to its lack of cyber-physical interconnectivity.

Need for a holistic DT-enabled platform: While DT has demonstrated value in
other industries, its potential to act as a core platform that integrates Industry 4.0

techniques in the B&C industry requires further exploration.

Rising significance of PAM: As maintenance costs comprise a large portion of
building lifecycle expenses, there is significant potential to reduce these costs
through the adoption of PdM strategies, which are currently underexplored in this

industry.

Emerging importance of failure prediction technologies: While fault detection
has been more widely researched, the development of failure prediction methods,
which are highly dependent on advanced data and algorithms, presents a critical

research gap.

Increasing focus on indoor climate and air quality: Given that most people spend
over 80% of their time indoors, there is a growing interest in leveraging PdM for
improving [AQ, which is linked to health and productivity but often overlooked in

current research and policy.

Advancement of real-time data acquisition and Al-driven solutions: The
availability of enriched real-time data and intelligent algorithms presents an
opportunity to improve PdM systems, particularly through reducing reliance on

labelled datasets and improving efficiency.

1.3 Objective and Scope

The operation and maintenance (O&M) phase represents a significant portion of the

lifecycle of building and civil infrastructure assets, with maintenance procedures

accounting for over 30% of total management costs [12]. The primary objective of this
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research is to develop a methodology for the implementation of DT-enabled PdM
systems in thebuilding industry. This thesis aims to address the challenges and research

gaps through the following specific objectives:

1) Integrate Industry 4.0 technologies within the DT framework, emphasising the
advantages of DT as a foundational platform for the B&C industry.

2) Investigate the role of PdM in the B&C industry, identifying key challenges and

exploring future research directions.

3) Develop a failure prediction methodology for building facilities, utilising both

labelled and unlabelled data to improve the effectiveness of PdM solutions.

4) Explore the potential of integrating DT with DL models to address PdM challenges

related to indoor climate management.

5) Demonstrate how the DT framework can accelerate the adoption of PdM strategies
within the built environment through the proposed framework and an applied online

application.

Logical Relationship Between Technical Chapters:
Chapter 3 explores the technologies and formulates a comprehensive framework for
DT integration in the B&C industry, providing the technological foundation to support

the objectives outlined in Objective 1.

Chapter 4 investigates the role of PdAM in the B&C industry through network analysis
and highlights key research challenges, directly addressing Objective 2 and providing

a basis for the development of the failure prediction methodology.
Chapter 5 proposes a Semi-GAN failure prediction model, addressing Objective 3 by

focusing on predictive analytics with labelled and unlabeled data, enhancing the PAM

solutions for building facilities.
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Chapter 6 extends the work by integrating DL models, including LSTM and AE, for
failure prediction in indoor climate management, aligning with Objectives 4 and 5. This
chapter also presents a practical demonstration of the DT-enabled PdM system applied

to real-world scenarios.

The chapters are structured to progressively build towards achieving the research
objectives, ensuring a logical flow from conceptual development to practical

implementation.

1.4 Contribution of Thesis

This thesis studies the implementation of DT-enabled PdM solutions in the B&C
industry. The critical research contributions of this thesis are highlighted in Figure 5

and presented as follows:

Digital Twin in the Building Industry - Digital twin concept

Chapter 3 - Technological review
h ¢ L th 1di d @ - Digital twin framework
The Survey of DT in the Building Industry - Six M analysis model

@ Outcome: A unified framework incorporates Industry 4.0 enablers within the DT structure for building mdustry

Predictive Maintenance in the Building Industry
Chapter 4 @ - Three-by-Three M research model
The Survey of PAM in the Building Industry - Keywords network analysis

@ Outcome: A comprehensive investigation of the role of PAM in building industry

¥ ¥
Failure Prediction for Building Facilities Failure Prediction for Indoor Climate
Chapter 5 Chapter 6
A Semi-GAN-based Failure Prediction Approach for A Parallel LSTM-Autoencoder Failure Prediction
Building Facilities Approach for Indoor Climate
- Building facilities - Indoor climate
- Semi-GAN algorithm - Parallel LSTM-AE algorithm
- Failure prediction - Multitype failure prediction
- Online platform - Online platform with BIM model
. Outcome: Maximize utilization of historical predictor
@ Outcome: Reduce the labelled data requirement
and target data

\ I
v

Multifunctional, visualized, and efficient, digital twin-enabled predictive maintenance solutions

Figure 5. Research framework and contributions of the thesis
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1) A unified framework for B&C has been modelled to incorporate Industry 4.0
technologies within the DT structure through a systematic literature review, which
highlights how Industry 4.0 technologies can be incorporated and provides a practical
guide toward deploying feasible DT-enabled solutions in the B&C industry. Besides,
the Six M methodology is highlighted to ensure the scalability of construction DT
systems and investigate DT's role in handling multi-asset integration and complex

scenarios.

2) Keyword mapping and analyses of recent PdM studies in the building industry have
been conducted, and clusters are identified as Physical-numerical PdM, Physical-
intelligent PdM, Virtual-intelligent PdM, and Virtual-physical PdM according to their
embodiment in function and method. Additionally, to further investigate the role of
PdM in the B&C industry as well as provide more valuable insights into the current
state, Ishikawa’s diagram invented for quality engineering is adapted into the Three -

by-Three M paradigm for in-depth analysis.

3) A novel failure prediction approach based on Semi-GAN that can incorporate
unlabelled and labelled samples into the training procedure has been proposed. It can
obtain the distribution and structural information inherent in unlabeled datasets, which
can contribute significantly to PdM development. Less labelled data are needed for the
failure prediction approach to achieve satisfactory accuracy with the information
extracted from unlabelled data. Besides, the proposed approach can be embedded in the
proposed 5-layer DT framework as the PdM service provided in the functional layer.
The proposed method is tested and validated through a comparative analysis, including
common supervised and unsupervised learning methods. Experiments have been
carried out by adjusting the size of the labelled dataset and the data imbalance ratio for

the training set.

4) The RUL and TS methods are employed to split the prediction problem into the
combination of a supervised and an unsupervised subtask, followed by the development
of a parallel prediction model integrating the LSTM and AE methods. Besides, a DT-
enabled PdM framework has been proposed for indoor climates, validated through the
establishment of an online platform designed to reconstruct the 3D building model and

demonstrate real-time monitoring and alert information of indoor climates.
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Experiments show the effectiveness of the proposed model under different warning
times and fault severity through a comparison study with other benchmark models
based on a practical dataset collected from different buildings in Singapore. Moreover,
the practical online platform has been developed as an illustrative case for future DT-

enhanced PdM solutions.

1.5 Outline of Thesis

This section provided an outline of this thesis:

Chapter 2 provides a systematic review of DT and PdM in the B&C industry from
perspectives of (1) the Evolution background of the maintenance and building industry,
(2) DT in the building industry, and (3) PdM in the building industry. Research gaps

are identified and summarised at the end of this Chapter.

Chapter 3 formulates a comprehensive framework underpinning DT integration in the
building industry and conducts an in-depth analysis employing the SixM methodology,
also factoring in the construction lifecycle. Finally, it provides a forward-looking

perspective on the evolution of DT in the construction landscape.

Chapter 4 extracts research clusters of PdM in the building industry based on keyword
network analyses and a novel Three-by-Three M research paradigm. Then, the
challenges and future directions are analysed. This Chapter aims to provide a
fundamental reference for the PdM applications in the B&C industry and suggests

future developments.

Chapter 5 proposes the Semi-GAN failure prediction approach for PdAM of building
facilities and demonstrates detailed information about model building and
implementation steps. The effectiveness of the proposed method is verified through a
comparison study with other machine learning (ML) algorithms. Moreover, it further

explores its performance with different labelled data sizes and data imbalance ratios.
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Chapter 6 presents a parallel prediction model integrating the LSTM and AE methods
to predict multi-severity failure, which is implemented in real-world TAQ datasets
sourced from diverse buildings in Singapore. Besides, a depiction of the proposed DT-
enabled PdM framework for indoor climate is provided and verified by the online
platform that showcases building models, air quality data, and alert information. This
practical demonstration can provide a guiding example for future endeavours in DT-

enhanced PdM solutions.

Chapter 7 concludes the key research findings of the thesis and discusses the possible

directions of future works based on our study.
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Chapter 2 Literature Review

The growing complexity and operational demands of the modern building industry have
spurred the adoption of innovative technologies to enhance efficiency and reduce
downtime. In this Chapter, we systematically review the convergence of DT technology
and PdM strategies within the building industry. The existing academic publications
are divided into two sections: DT in the building industry and PdM in the building
industry. The Chapter is structured into three subsections: DT in the Building Industry,
PdM in the Building Industry, and identifying research gaps. Finally, as PdAMand DT
for the building industry are emerging areas, more specific literature is provided for

each research problem in the following chapters.

2.1 DT in the Building Industry

While DT solutions are increasingly adopted to boost efficiency and competitiveness,
a diverse mix of Industry 4.0 technologies are used to fulfil applications specific to
construction contexts [9] [20]. This section systematically reviews the existing
publications concerning their application of Industry 4.0 technologies across four
fundamental DT aspects: data acquisition, data processing, simulation and modelling,

and decision support enablers.

2.1.1 Data Acquisition

The data acquisition process starts with raw data extraction and ends with the
information being passed on to a cloud-based server or database. These technologies
are highlighted in Table 1 with their corresponding construction applications and

enabling tools.

WSN provides a constant input of raw data for tracking and monitoring applications,
which is fundamental to the creation of DT systems in construction projects. For
structural health monitoring (SHM) applications, Bhuiyan et al. [21] showcased a
WSN-to-CPS design transition approach, highlighting the design requirements,

deployment hurdles, and networking guidelines, while Loubert et al. [22] facilitated
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long-distance communications within reinforced precast concrete. Yang et al. [23]
developed mobile robot detection systems to perform data collection in dangerous
environments. For building performance applications, Zhang et al. [24] integrated
heterogeneous data from different buildings into a CPS, while Lin and Cheung [25]
established an environmental monitoring management system. For building cost
efficiency applications, Khajavi et al. [26] established an office building facade DT
based on more than 25,000 sensor reading instances, while Griibel et al. [27] developed
an indoor sensor network for building performance analysis. Abrol et al. [28]
showcased an economical and noninvasive energy-efficient approach. For
sustainability applications, Gonzalez et al. [29] proposed a calibration methodology to
reduce the number of sensors required for building energy monitoring, while Keskin
and Mengii¢ [30] implemented an adaptive vent system to localise and customise
building thermal conditions. Liu et al. [31] [32] implemented a CPS for greenhouse gas

emission monitoring to enhance sustainability efforts in prefabricated construction.

As ToT is often utilised to establish cloud-enabled systems, the critical difference
between IoT and WSN lies in the use of IP-enabled connectivity (aka internet
connectivity) such as IPv6-based low-power wireless personal area network
(6LOWPAN) [33]. For building performance optimisation, Tagliabue et al. [34] and
Liu et al. [35] proposed BIM-IoT-DT integrated frameworks to support building
comfort and indoor safety management. For project management, Niu et al. [36]
proposed a deployment framework to improve the synergies between construction
entities based on a knowledge-based taxonomy. For SHM applications, Zonzini et al.
[37] utilised an IoT-based architecture to improve vibration engineering techniques,

emphasising damage detection and task prediction.

Social media technology offers a unique approach towards enhancing data acquisition
and communication techniques while incorporating social science theorems as part of
socio-technical systems. Turk and Klinc [38] proposed a three-tier information service
framework that encompasses physical structure, DT, and social networks to facilitate

construction activities.
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2.1.2 Data Processing

With the huge amount of real-time heterogeneous data collected, there is a need to
facilitate raw data conversion and treatment to derive meaningful information for
modelling and analysis. Table 2 highlights existing enabling technologies and tools

used in existing studies to tackle industry-related challenges.

Semantic modelling allows intricate relations between construction entities to be
mapped and represented before storage. As such, the collected data can be processed
into useful information essential to aid decision-making and transparency for value
chain enhancement [39]. For equipment design and optimisation, Wei and Akinci [40]
introduced a novel image-based registration method for panoramic images by
minimising semantic segmentation errors, while Haoyu et al. [41] proposed a linear

segmentation method for tunnel representation to support asset dynamic updates.

Blockchain is a distributed ledger or decentralised database of transactions recorded by
a network of computers [42], which increases user confidence and trust in information
reliability in construction projects. For project management,Lee etal. [43] utilised DT
to provide secure and reliable data communications between stakeholders, while
Hunhevicz et al. [44] proposed the performance-based smart contract through the
integration of digital building twin and blockchain. Jiang et al. [45] developed a
blockchain-enabled platform to facilitate cross-enterprise information sharing during
modular integrated construction. For sustainable practices, Li et al. [46] developed an
intelligent service platform to incorporate ICT to achieve sustainable prefabricated

housing construction through a smart product-service system (Smart PSS) approach.

Data mining serves as an extraction and pattern discovery process within large datasets
and involves ML approaches, statistics, and database systems [47]. For building
performance optimisation, Schmidt et al. [48] integrated CPS and cross-industry
standard processes for datamining through a generic model-based design methodology.
For project management applications, Pan and Zhang et al. [49] deployed a data
mining-driven DT system using fuzzy miner and ARIMAX to identify potential

bottlenecks and reallocate resources dynamically.
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2.1.3 Modelling and Simulation

DT technologies rely on 3D high-fidelity models and simulations to provide
comprehensive visualisation for evaluating specific scenarios and verifying
automatically computed solutions while complimenting other construction-related

enabling technologies highlighted in Table 3.

Utilising BIM technology, stakeholders can model building designs with dynamic
optimisation and lifecycle consideration based on the various parameters setting [50].
This portion maps various BIM-DT solutions to core construction aspects and
highlights enabling techniques used. For FM, Desogus et al. [51] and Wernerova et al.
[52] utilised cloud-based BIM to enable building management capabilities. Adibfarand
Costin. [53] developed a dynamic DT for the bridge through integrating real-time traffic
data. Emphasising as-built models, Nicola Moretti et al. [54], Rausch and Haas [55]
automated asset management processes to support cognitive buildings throughout
various lifecycle aspects, while Huynh and Nguyen-Ky [56] proposed a cross-platform
system to visualise data and manage comfort levels. Wang et al. [57] achieved the
interaction and virtualisation of various processes during building construction.
Torrecilla-Garcia et al. [58] proposed a BIM-enhanced decision support approach for
safety management in the building industry. For SHM, Lei et al. [59] developed a
disaster prevention platform which identifies the building's structural state, while Yuan
et al. [60] evaluated the integrity of temporary structures. Taraben and Morgenthal [61]
used voxel-based methods to discretise acquired 3D geometries for building damage
propagation. For asset design and optimisation applications, Al-Saeed et al. [62] and
Schimanski et al. [63] implemented automation solutions within the construction
manufacturing domain based on lean manufacturing paradigms and configure-to-order
services. Kosse et al. [64] developed a DT framework to optimise the modularised
construction of precast concrete. For sustainability applications, Agostinelli et al. [65],
Kaewunruen et al. [66], Zhao et al. [67], and Banfi et al. [68] achieved the visualisation
and assessment of Net Zero Energy Building (NZEB) solutions. Xing et al. [69] applied
the product-service relationship to manage stakeholders involved in the various
lifecycle stages to derive higher eco-efficiency with reduced material consumption and

waste generation. Kaewunruen and Lian [70] established a 6D BIM for the railway
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turnout system, which enables the assessment of schedule, cost, and sustainability and

achieves a balance.

Simulation provides core functionalities, including but not limited to scenario
visualisation and solution verification. For structure design optimisation, Lydon et al.
[71] presented a coupled simulation approach to optimise the thermal design of a
lightweight roof, while Kyvelou et al. [72] described the numerical simulation method
for the verification and assessment of bridge structure. For building performance
optimisation, Lilis etal. [73] proposed a discrete event simulation (DES)--based system

to virtualise intelligent buildings via a scalable architecture.

Following that, the point cloud offers an efficient approach to map these virtual models
via 3D scanning and photogrammetry software. For SHM, Omer et al. [74] digitised a
typical masonry bridge in VR space as an alternative to traditional inspection methods,
while Maroc et al. [75] proposed a novel method to transfer point cloud into parametric
models forthe historic masonry buildings detection. For asset design and visualisation ,
Xue et al. [76] processed urban LiDAR point clouds based on the object cross-sections,
while Pantoja-Rosero et al. [77] automatically reconstructed the LOD3 models for
existing buildings through an ML-based segmentation method. To model assets and
structures, Jiang et al. [78] established the DT model of existing highway assets from

map data, while Miinzinger et al. [79] reconstructed tree models in the 3D city view.

Virtual/ Augmented reality (VR/AR) offers an immersive and interactive approach to
engage with new tools and explore high-risk environments. For human-robot
collaborative work, Wang et al. [80] established a remote collaborative system with an
ntuitive VR interface, which enables real-time bidirectional communication and
supervision between workers and construction robots. For urban planning and design,
Kikuchi et al. [81] integrated AR and drones into the detailed 3D model to achieve the
city landscape visualisation, which allows non-expert users to understand and

participate in the construction project.

33



2.1.4 Decision Support Enablers

To enable disruption management capabilities and facilitate lifecycle transition,
construction systems rely on decision support functionalities such as semantic solution

generation, which are established using tools and techniques highlighted in Table 4.

Computer vision (CV) enables the derivation of meaningful information from visual
inputs to facilitate solution generation. For the bridge maintenance system, Shim et
al. [82] combined both maintenance information and digital inspection systems to
generate reliable decision-making to enhance the bridge maintenance process. For FM,
Antonino et al. [83] utilised an image recognition module to detect user’s movements.
Lu et al. [84] proposed an image-processing approach to reconstruct 3D models from
CAD drawings, while Pang and Biljecki [85] achieved the 3D reconstruction through

the proposed image-to-mesh approach and street view images.

ML involves the use of algorithms that utilise historical data and experience input to
perform predictions and solution optimisations for decision support systems [86]. For
urban management, Dollner [87] developed an ML/DL Geospatial analytics engine to
derive domain or application-specific semantics. For improving energy efficiency,
Alanne and Sierla [88] concluded that ML-equipped building-integrated energy
systems with adaptability for unpredicted changes and Konstantakopoulos et al. [89]
encouraged energy-efficient behaviour by facilitating the human-building interaction.
Austin et al. [90] proposed the DT-based energy-saving architecture for smart cities.
For safety management, Kamari and Ham [91] and Liu et al. [92] presented risk
assessment frameworks for disaster preparedness and risk control through a DT system,
while Gichane et al. [93] developed an elevator security DT system utilising a
YOLOV3 algorithm. Pan et al. [94] proposed an Al-based segmentation method to
capture and recognise important electrical and fire-safety entities. For construction
equipment monitoring, Zhang et al. [95] developed a construction equipment
recognition algorithm to facilitate asset performance evaluation. For building
performance optimisation, Lv et al. [96] designed an Al-driven CPS to support indoor
environment management via temperature response and control for on-site
construction optimisation. Saini et al. [97] proposed an action planning system to

optimise and automate the operation for the well construction, while Tariq et al. [98]
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optimised the design of solar chimneys, considering energy efficiency and
environmental factors. For structure design optimisation, Fernindez-Cabén et al. [99]
utilised a stochastic optimisation algorithm to support sustainable tall building design
based on occupant comfort and building drift, and Abdelaziz and Hobeck [100]

developed an optimal controller to reduce the vibration caused by wind.
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Table 1. Data acquisition

Technology References  Construction applications Tools/ Techniques
WSN [21][22][23] Enhance SHM via CPS. Connectivity: Zigbee; LoORaWAN; Bluetooth
Controller: Raspberry Pi; Arm; Arduino
o ) ) ) Sensors:

[24] [25] Buﬂdmg performance evaluat19n: Include evacu.atlon.plannlng, 1) SHM: Acceleration; Piezoelectric; Ultrasonic; Radar; Laser; Strain gages; Optical fibre;
monitoring energy usage, emissions (CO, radiological), and vision; Corrosion; Linear voltage displacement transducers; Inclinometers; Footprint
temperature. o i accelerometer; Inertial measurement unit (IMU); Meteorological

[26][27][28] ~ Improve building cost efficiency through lifecycle management ) Byilding performance: Gas concentration; Temperature; Humidity; Hazard detecting;
and energy conservation. Cloud-Oriented Radiation; Radiological measurement device; CORSAIR; Occupancy

3) Building cost efficiency: Temperature; Passive infrared (PIR)

[29][30][31] Develop sustainability practices. Include applications in HVAC 4) Sustainability: Electrical power; Airspeed; Heat flux; Humidity; Wind speed; Wind

[32] syst§ms, reduced energy usage, garbon emission monitoring, direction; Radiation; Temperature; Acceleration; Barometric; GPS; Inductive displacement;
equipment, and raw material tracking. Soil moisture; Asphalt strain; Horizontal inclinometer; RFID

IoT [34] [35] Building performance optimisation. Include energy efficiency, Connectivity: Cellular networks (GSM/3G/4G);  Wi-Fi;  Universal mobile
sustainability assessment, indoor safety management, and telecommunications system; Low-power wide-area network (LPWAB)
enhanced FM system in the building lifecycle management Controller: Arduino; Programmable logic controller (PLC)
(BLM) process. IoT Sensor:

[36] Project management. Integrate CPS/ DT technologies to enhance 1) Building performance: Temperature; Humidity; Smoke; Oxygen Concentration; Carbon
efficiency and synergy. monoxide concentration; Gate magnetic; Infrared

[37] Enhance SHM. Include PdM solution of infrastructure. 2) Project management: Ultrasonic, RFID tag, GPS, Load cells, Switch, Barometers,

Accelerometer
3) SHM: Accelerometer, IMU
Auxiliary tools: NodeJS; TICK stack; Grafana; Blockchain
Social Media [38] Enhance construction lifecycle management. Include plan, Auxiliary milieu: Log files, Emails, Social media messages, Building models

design, build, and usage aspects.
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Table 2. Data processing

Technology References Construction applications Tools/ Techniques
Semantic [40] [41] Asset design and optimisation. Enable equipment re-/configurations Software: Apache Jena, Protégé, Revit, Unreal Engine 4, Datasmith
Modelling for disruption management. Localise a panorama with a sub-meter Language: XML, OWL, SPARQL, C++
localisation error. Improve asset representation. Library: OpenCascade, Open VDB
Algorithm: Convolutional neural network (CNN), ResNet101, PSPNet
Blockchain [43] [44] Project management. Improve efficiency via contract implementation
[45] and stakqholder cc?llabora‘Flon with mCI.‘ea.sed reliability and service. Cloud platform: Microsoft Azure
Enhance information sharing and continuity for Modular Integrated g
. Database: Distributed ledger
GonSiucyiom Mechanism: Consensus mechanism, Encryption mechanism
[46] Develop sustainable practices. Develop an intelligent platfom ec : u ) » BNCtyp
. . . . . . Platform: Ethereum blockchain
integrating with blockchain to improve the sustainability of
prefabricated housing construction.
Data Mining [48] Building performance optimisation. Improve the energy efficiency of  Algorithm: Inductive miner, fuzzy miner, ARIMAX mode
both legacy and modem buildings. Modelling languages: Petri net, business process modelling notation (BPMN);
[49] Project management. Achieve a higher degree of intelligence and Standard: Cross-industry standard process for data mining (CRISP-DM),

automation.

Model: CRISP-DM reference model
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Table 3. Modelling & Simulation

Technology References Construction applications Tools/ Techniques
BIM [51][52][53] FM. Improve comfort, energy efficiency, and BLM. Include anomaly detection,
[54] [55][56] maintenance work, and decision support systems.
[57]1158] BIM authoring tools: Autodesk Revit, ArchiCAD, Allplan,
[59] [60][61] Enhance SHM. Include disaster planning and damage inspection. AECOsim, Tekla structures
[62] [63][64] Asset design and optimisation. Incorporate lean manufacturing and configure-to-order B.IM auxiliary tools: BIMserver, Autodesk Navisworks, Revit DB
business approaches to automate construction-related productions. Optimise precast Link, Dynamo
6511661167 clements pl‘Odl.lCtlo.l’?. . . . ) BEM authoring tools: Green Building Studio, EnergyPlus, Design
[65] [66][67] Develop sustainability practices. To realise NZEB solutions, circular economy, carbon cost Builder, Open Studio, CYPETHERM HE;
[69] [70] estimation, and other green initiatives via product-service paradigms, lifecycle
considerations (BEM), and 6D BIM adoption.
Simulation [711[72] Structqre design qptunlsatlon.To .reduce prototype de‘velopment time and cost through high- Coupled simulation: ANSYS Fluent, TRNSYS, MATLAB
resolution analysis and parametric geometric modelling. . . .
— T - . . Numerical simulation: ABAQUS
[73] Building performance optimisation. Enable infrastructure visualisations for power and . . . .
. e DES simulation: coroutines, open BMS, ZeroMQ library
environment monitoring.
Point cloud [74][75] Structure health monitoring. Inspection services for digitised structures in a VR
environment, Future damage validation for historic masonry structures.
[76] [77]1[78] Ass§t de51g11 ?md visualisation. Generates bulldmg and city models using LiDAR, gestalt Software: Cyclone register 360, Cloud Compare, Civil 3D
[79] design principles, and as-built reconstruction approaches. Include ML/DL-based Hard . Stati I Airh y Al L Lei
interpretation of point clouds to classify models. ar war;. tat10na1ry irborne .terrestna aser scanner, Leica
- r - — TR, ScanStation P40, Leica ScanStation P20
VR/AR [80] Human-robot collaboration. Facilitates task planning and supervision through bidirectional Lib - Point cloud lib ODAS lib
communication and asset control. lorary: Pomt cloud library, rary
[81] Urban planning and design. Multiple viewpoints and usability testing from nonexpert

stakeholders involved in the building project.
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Table 4. Decision support enablers

Technology References Construction applications Tools/ Techniques
(Y% [82] Bridge maintenance system. Includes image recognition to enhance inspection processes. Algorithm: Mask R-CNN, DeepSORT, Self-
designed localisation, Fuzzy Logic, Edge
[83] [84] [85] FM. This includ@s movement recc.)gniFion for maintenance operations, 3D structure reconstruction detectio.n., Neuro-fuzzy system, Optical Character
from CAD drawings, and street-view images. Recognition, DeepLabv3
Software: Self-designed Revit, Blender
ML Urban management. Contribute to efficiently building and maintaining base data for geospatial

[87]

[88] [89]1[90]

[91][93][94]

[95]

[96]

[97] [98]

[99] [100]

DT, including virtual 3D cities, building indoor models, and BIM.

Improve energy efficiency. Include energy management through interacting with occupants, smart
building design, and integrating semantic models.

Safety management. Develop a security system for a three-floor elevator in a commercial building
setting and an indoor safety management system based on DT. Propose a threat assessment
framework for construction sites. Identifying essential entities from the electrical and fire-safety
domain.

Construction equipment monitoring. Evaluate asset performance in various conditions.

Building performance optimisation. Integrate with CPS in a building environment and provide
theoretical information and practical reference for developing the indoor environmental control
system.

On-site construction optimisation. Improve construction workflow schedule and optimise the
structure of building components.

Structure design optimisation. Support structure evaluation dynamically and minimise wind-
induced vibration.

Algorithm: Tree-based classification, Clustering,
Association, Categorizing, YOLOV3, SVM
models, GA

Network structure: PointNet neural network
(PNN), CNN, Deep bi-directional Recurrent
Neural Networks (DBRNN), LSTM, Back-
propagation neural network (BPNN), Deep
Residual Networks (DRN), Iterative Closest Point
(ICP), Random sample consensus (RANSAC),
KPConv, Monte Carlo tree search (MCTS),
Multivariate regression mode, Non-dominated
sorting GA
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2.1.5 Computation Enabler

The computational aspect of the DT system is employed for data analytics and solution
generation, covering the optimisation models and facilitating intelligent decision-
making service [101]. As illustrated in Table 5, most research focuses on building
facilities due to their similarity to manufacturing processes, which have been
extensively studied. Conversely, research on structural and environmental applications
is less prevalent, as they represent unique scenarios in the building industry. Extracting
practical knowledge from heterogeneous data is challenging, making it essential to
identify appropriate methodologies and tools for achieving and optimising the target

function, which is crucial to DT construction.

Table 5. Computation enabler

Structure

Facilities

Environment

Computation

e Robust and automated facade
segmentation using point cloud data
[102];

e Four-stage holistic assessment for
maintenance planning [103];

e Extended DT creation in building
life cycle management [26];

e Classic ML model comparison
study on PdM performance on track
structure [104];

e Al clustering and hazard index
calculation-based decision support
techniques for road maintenance
[105].

e Operation errors removal through feature
extraction and ML techniques [106];

e Ensemble ML model for malfunction
expedite detection [107];

e Automated risk detection and mitigation,
including obstacles and human activity
[108];

e Maintenance  schedule  prioritisation
through hidden risk analysis [109];

e Systemic empirical knowledge-enhanced
neural network model for automatic
failure management [110];

¢ Reinforcement learning approach
improving maintenance schedule based on
tack inspection [111];

e RNN-based surrogate model for dynamic
maintenance optimisation [112];

e Explainable unsupervised deep learning
model for failure detection [113].

e Predict and optimise occupant’s
comfort by combining statistic and
ML models [114];

e Al-driven reasoning and
process for automatic
management system [115];

¢ Ensemble classifier learning algorithm
tailored for imbalance scenarios
during three-stage CBM [116];

e Ensemble failure prediction algorithm
for indoor air quality [117];

e Combination of clustering ML and
rule-based strategies for malfunction
reduction [118].

service
building

Classical ML models, such as clustering and regression algorithms, are commonly
applied to fundamental tasks like occupants’ comfort improvement [114], building
and maintenance [105][104].

automation [115][26], scheduling

management
Furthermore, advanced functions utilised deep learning methods, including explainable
unsupervised models [113], RNN-based methods [112], and reinforcement learning
[111]. Besides, M. Jasiulewicz-Kaczmarek and A. Gola [106] enhanced the feature
extraction process to reduce the operation errors, while Lin et al. [116] developed an

ensemble learning method tailored for imbalance. Failure prediction commonly

demands higher algorithmic and analytical ability than management optimisation
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because of its real-time reliability requirements. Existing studies on failure reduction
are mainly implemented on facilities [107][108]and environment [117][118], with
structural-related studies focusing more on the management optimisation level [102].
Integrating the data-driven and model-driven methods enhances the failure
management performance. For example, Weerapura et al. [110] incorporated empirical
knowledge into the neural network design, while S. Agostinelli and F. Cumo [118]
combined ML solutions and rule-based strategies. Employing robust and automated
computational algorithms in building maintenance and management ensures
comprehensive evaluation, improves predictive accuracy, and supports proactive

decision-making.

2.2 PdM in Building Industry

PdM has emerged as a critical strategy in the building industry to enhance the efficiency,
reliability, and sustainability of building facilities and the environment. This part
explores the existing research on PdM in the building industry, offering a

comprehensive analysis of the PAM framework, application, and applications.

2.2.1 PdM Framework

The conceptualisation and establishment of PdM frameworks for building assets is the
cornerstone of system implementation, and it has been studied by many researchers
with different concerns. Recent technological developments in Construction 4.0, like
BIM, IoT, and ML, have shown great potential to facilitate PdM implementation and
improve FM efficiency in the building industry. Shalabi and Turkan [119] proposed a
BIM-based framework that integrated the output data from different building
management systems to detect energy overconsumption. Also, Villa et al. [120] and
Cheng et al. [121] integrated [oT systems and BIM models into the PdAM framework of
building facilities and validated the approach feasibility through fault detection and
maintenance planning for mechanical, electrical and plumbing (MEP) components in
buildings. ML and big data mainly serve as forecast functions during PdM. The data-
driven PdM framework considering distributed computing and ML has been designed
and examined by Katona and Panfilov [122] and Bouabdallaoui et al. [123] to
strengthen the decision support model during PAM implementation. Santiago et al. [124]
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presented a big data service architecture for the failure inspection and prediction of the
heating, ventilation, and air conditioning (HVAC) system, while Razali et al. [125]
proposed a novel big data procedure for PdAM, which considers both well-structured

statistical data and non-visible data like web search queries and social media.

2.2.2 PdM Methodology

1) Model-based PdM. Building facilities are constantly deteriorating as service time
increases, which makes deterioration analysis and RUL estimation become the
traditional focus during PdM implementation. To establish a foundational
comprehension of the operational paradigms for critical building facilities, Chandra et
al. [126] conducted an in-depth examination of failure mechanisms and statistics for
vital building assets, encompassing HVAC, power distribution, elevators, and lighting
systems, while Chen et al. [127] incorporated reliability analysis technology and
scheduling optimisation method to develop an expert system model forthe maintenance
and management of building facilities. To overcome the subjectivity and uncertainties
associated with the current methods, Ahmed et al. [128] proposed a hybrid approach
combining genetic algorithms (GA) and fuzzy Markovian models to develop an
effective stochastic deterioration prediction model, which incorporates recently
observed conditions to enhance the accuracy of the forecasting procedure. Most
existing PdM implementations for building assets concentrate on the HVAC systems
because of their substantial importance and representativeness. RUL estimation is
convenient to achieve with some mathematical approaches like the Generalized
Likelihood Ratio procedure [129] and Monte Carlo-based simulation techniques [130].
Utilising the data mining approach, Yang et al. [131] developed a failure mode and
effects analysis method utilising word-orderdocumentsto achieve the failure prediction
and root exploration, while Galvez et al. [132] proposed a hybrid approach integrating
the physical-based and data-driven models to solve the data lacking problem during the

PdM for an HVAC system.

2) Data-driven PdM. PdM is a multifaceted, data-centric procedure requiring the
amount of monitoring data extracted from both the asset side and maintenance process,
which emphasises the indispensable role of employing ML techniques to enhance its

effectiveness and utility. Table 6 provides an overview of ML-driven PdM methods
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applied in the building industry, and the emphasis of existing publications is the MEP

facilities like HVAC and elevator systems, which are crucial elements to ensure

building performance. These publications are categorised by different PdM functions,

including fault detection, fault prognostics, condition monitoring, and strategies

optimisation.
Table 6. ML methods in PAM in building facilities
Target Ref  Approach Data source
Fault detection
[132] Adaptive boost Real sensor system, soft sensor
P system
[133] Variational AE Sensor system
[122] Gaussian model Sensor & actuator system
Logistic regression (LR), random forest
HVAC [134] (RF) Sensor system
system [135] Regression tree (RT) models Sensor & actuator system, work-
order database
[124] RF Sensor system
Decision trees, support vector machine
[136] (SVM) Sensor system
[137] Grey model, autoregressive model Quick access recorder
Traction [138] AE model, RF Sensor system
elevators
Fault prognostics
Lift [139] RF Sensor system, maintenance records
[140] Artificial neural network (ANN) Sensor system
Multiple [141] I(—|K|e’\|r’a\1|;ch|cal AL S G Multiple distributed slave meters
HVAC Building automation system, loT
system [123] LSTM device
. . Building operator records,
Complaints [142] Multi-layer perceptron (MLP) models meteorological records
Condition monitoring
Healthcare . L
facilities [128] GA, fuzzy logic, Historical datasets
MEP [121] ANN, SVM BIM, 10T device, FM system
components
Grids [143] KNN Sensor system
Multiple [144] Backpropagation MLP Maintenance records
Strategies optimisation
Healthcare [145] GA, K-means clustering algorithms Maintenance records
facilities [146] Decision trees, KNN, Nawe Bayes Expert surveys
Concrete . .
r0of [147] Fuzzy logic Literature surveys

2.2.3 PdM Application

1) Building facility. The building facilities garnered the most attention from the

implementation of PAM in the construction industry because of its notable similarities
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with the mechanical equipment in the manufacturing industry. Villa et al. [120] and
Cheng et al. [121] demonstrated the integration of [oT systems and BIM models into a
PdM framework for building facilities and achieving the fault detection and
maintenance schedule. Also, Chandra et al. [126] explored failure mechanisms and
statistics for critical building assets such as HVAC, power distribution, elevators, and
lighting systems, while Chen et al. [127] utilised reliability analysis and scheduling
optimisation to establish an expert system for building facilities management. HVAC
stands as the most representative facility, with a significant research focus within the
PdM-building field. Santiago et al. [124] introduced a big data service architecture
aimed at inspecting and predicting failures in HVAC systems. Concurrently, Galvez et
al. [132] suggested a hybrid approach that combines physical-based and data-driven
models to address datascarcity issues in the PdAM of HVAC systems. Besides, Xia et al.
[148] proposed a multi-layer self-attention method based on LSTM to improve the
accuracy and robustness of the current RUL estimation approach, which contributes to

the reduction of maintenance costs and unexpected failures.

2) Indoor climate. PdM for indoor environments is a proactive approach that leverages
data analysis, sensor technology, and advanced algorithms to optimise the maintenance
and management of indoor conditions, including climate, lighting, energy, etc. Kapoor
et al. [16] systematically discuss [AQ parameters in existing studies relevant to Indian
school classrooms over the past decade. Moreover, Wei et al. [149] developed the AE
with LSTM cells for anomaly detection tasks in indoor climates and validated the
proposed method through a practical dataset collected in New Zealand, while Li and
Cai [150] introduced an innovative demand-controlled ventilation strategy aiming to
contain COVID-19 contagion in the indoor environment while saving energy
consumption. To facilitate the lighting and temperature control in shared and open
offices, Jung et al. [151] collected temperature, humidity, and brightness information
using an IoT device to train an LSTM model for anomaly analysis in shared and open
offices. For energy consumption maintenance, Himeur et al. [152] reviewed existing
Al-enabled anomaly detection frameworks for building energy consumption and
introduced a comprehensive taxonomy based on adopted modules and parameters for
the analysis of existing algorithms. Besides, deep anomaly detection is of great
significance in the optimisation of the equilibrium between building energy production
and demand, and Malki et al. [153] investigated the potential to integrate ML-based
44



anomaly detection approaches to catchtrends and changes at an early stage and improve
the maintenance of the energy systems as well as Copiaco et al. [154] proposed a novel
supervised deep transfer learning approach using 2D image representation as input
features, which provides more possibilities toencode datadetect pertinent features than
traditional 1D energy time series dataset. Vertical green living walls (VGW) are
recognised as a nature-centric strategy to enhance air quality and enhance comfort
within the construction sector. Liu et al. [17] explored the possibility of deploying ML-
based anomaly detection methods to vertical plant wall systems to enhance automation
and improve intelligence to realise the PdM of the indoor climate. Besides, Helman et
al. [155] developed a comprehensive high-throughput monitoring system utilising
remote sensing technology in a VGW workplace, which integrates multiple data
acquirement systems such as sensor systems, cameras, gas-exchange measurements,

and Al algorithms into an analytical and visualisation of an online platform.

2.3 Research Gaps

The growing interest in PdM implementations in the building industry indicates that
researchers and stakeholders are realising the potential benefits associated with
proactive FM strategies. Although current studies have made commendable strides in
exploring PdM applications in this field, it is essential to acknowledge the presence of
notable research gaps that warrant further investigation. These gaps encompass
multifaceted aspects of PAM implementation, ranging from developing comprehensive
PdM frameworks tailored to the building sector's unique requirements to refining
methodologies, such as data analysis and predictive modelling, that can effectively
address the distinctive challenges posed by building infrastructure. Key research gaps

are summarised as follows:

1) Integration of Industry 4.0 Technologies with DT:

Pros: Numerous studies have successfully integrated Industry 4.0 technologies (e.g.,
IoT, AI, and robotics) with DT systems for construction-specific applications,
demonstrating the potential for enhanced data collection, monitoring, and automation.
Cons: However, many of these studies focus on isolated use cases rather than a unified

framework that combines technical aspects, project management, and the building
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lifecycle. There is a gap in developing a holistic DT framework that seamlessly
integrates Industry 4.0 technologies to optimise building operations and long-term asset
management. The proposed research seeks to address this by offering a unified DT-

enabled PdM system that enhances operational efficiency and decision-making.

2) Application and Methodology in PdM for the Building and Construction Sector:

Pros: Existing research highlights the effectiveness of PdM in various industries,
particularly manufacturing, where data-driven methods have been widely adopted.
Cons: The B&C sector remains underexplored, with limited studies providing a
comprehensive overview of PdM applications, methodologies, and trends tailored to
the unique needs of buildings. The current literature often lacks a critical synthesis of
how PdM can be effectively adapted for complex building infrastructures. The
proposed research aims to fill this gap by offering a tailored PdM methodology specific
to the building industry's requirements, including detailed modelling that addresses

these complexities.

3) Failure Prediction and Data Labelling Issues:

Pros: Real-time monitoring and fault detection systems have been well-researched,
contributing valuable insights into asset health and performance monitoring. Cons:
However, most studies neglect the predictive aspect of maintenance, which limits the
ability of building operators to plan for future maintenance needs. Moreover, the
challenge of dealing with unlabelled or partially labelled data remains a significant
obstacle, as data labelling requires considerable domain expertise and is resource
intensive. The gap lies in developing robust failure prediction models that can
effectively handle both labelled and unlabelled data. The proposed research will focus
on addressing this gap by exploring machine learning algorithms that enhance failure

prediction accuracy, reducing the reliance on fully labelled data.

4) Development of DT-enhanced and integrated PdM Systems:

Pros: The use of [oT technologies for real-time monitoring has laid a strong foundation
for PAM applications, providing detailed insights into asset health. Cons: Despite these
advancements, the potential of DTs remains underutilised in PdM research. While [oT
enables data collection, DTs offer dynamic, real-time simulations and predictions
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across the lifecycle of building components. The proposed research will focus on fully
leveraging DTs to enhance PdM systems, providing more comprehensive predictive
insights, optimising resource allocation, and improving decision-making capabilities

throughout the building lifecycle.

4) PdM for Indoor Climate:

Pros: Current PdM solutions have proven effective in facility-related applications (e.g.,
HVAC, lighting, elevators), ensuring the smooth functioning of essential building
systems. Cons: Despite the importance of indoor environmental quality, relatively little
attention has been given to PdM for indoor climate systems, which directly impact
occupant comfort, health, and building sustainability. This gap presents an opportunity
to extend PdM frameworks to address indoor environments. The proposed research will
incorporate indoor climate considerations into the PdM system, focusing on predicting
failures in heating, cooling, and ventilation systems to improve energy efficiency and

occupant well-being.

2.4 Research Opportunities and Proposed Model

To address these research gaps, the proposed study will focus on the following

modelling approaches:

e A Unified DT Framework: This approach will integrate Industry 4.0 technologies,
such as 10T, Al, and big data analytics, within a DT architecture. The framework
will not only enhance operational efficiency but also incorporate project
management and lifecycle considerations, providing a holistic solution for long-

term asset management and decision-making in the building industry.

e Advanced Predictive Models: The study will focus on developing sophisticated
machine learning models capable of processing both labelled and unlabelled data.
These models will improve the accuracy of failure prediction, allowing for more
proactive maintenance strategies while minimising the labour-intensive task of

manual data labelling.
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e PdM for Indoor Climate: Recognizing the gap in current PdM applications, the
study will extend PdM systems to address indoor climate management. This will
include the development of models that ensure environmental sustainability, energy
efficiency, and occupant comfort, aligning with the growing emphasis on green

building practices and occupant well-being.

e DT-enhanced PdM Solutions: The study will explore the untapped potential of
DT technology in PAM. By leveraging real-time monitoring and 3D visualisation,
the research will optimise maintenance processes and long-term asset management,
offering a dynamic and responsive approach to building system management that

enhances resilience and operational performance.

In summary, while the existing literature has made notable contributions to PdM
implementations in the building industry, several critical gaps remain. These include
the need for a unified DT framework integrating Industry 4.0 technologies, a deeper
understanding of PdM specific to the B&C sector, advanced failure prediction models
that handle labelled and unlabelled data, the inclusion of indoor climate considerations,
and the full exploration of DT’s potential in PdM solutions. The proposed research aims
to address these gaps by developing innovative models and frameworks that push the
boundaries of current PdM practices, offering significant advancements in building

management, sustainability, and operational efficiency.

Chapter 3 The Survey of DT in Building Industry

This chapter presents a comprehensive investigation of the DT paradigm within the
building domain. Firstly, we systematically review the convergence of DT technology
and Industry 4.0 enablers within the building industry. Subsequently, the conceptual
framework underpinning DT integration in construction is proposed based on the
previous systematic survey of existing studies. Moreover, the author employs the Six
M methodology to analyse the DT-related studies considering the construction
lifecycle. Finally, Theoretical insights and the future trajectory of DT’s deployment,

performance, and implications are unearthed through this meticulous analysis, offering
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a pragmatic roadmap for harnessing the full potential of DT to revolutionise the

building industry.

3.1 Integration of Technologies using a DT-adapted

Framework

The range of core enabling tools and techniques presented earlier varies in
technological advancement and implementation difficulty. To frame these co-
construction entities within a Construction 4.0 context, a unified DT-adapted
architecture is proposed. Through the five-layered technology stack, as shown in Figure
6, each entity fits into the overall structure towards enabling smart construction
applications. This architecture leverages previously featured layered DT hierarchies
[31], [25] toprovide an overview of the technological landscape for enhancing the B&C

environment.

Starting with the cyber-physical layer, assets and resources are digitalised through a
systematic approach to a virtual space, emphasising multi-source data acquisition, real-
time two-way connectivity for asset monitoring and control, and cyber-physical
information exchange. Within the physical component, raw data is acquired from
construction assets and resources (E.g., working site, materials, equipment, and
workforce) via a range of spatially dispersed sensors and communication devices, as
shown in the data collection component. Following industrial communication protocols
such as the OSI standard, site activity monitoring, and resource tracking can provide
additional value to stakeholders regarding safety, productivity, and quality assurance.
Additionally, instructions can be passed down to the physical entities using remote
control and actuators to implement solutions under user supervision. Meanwhile,
updated contextual heterogeneous data is mapped onto respective cyber entities through
techniques such as point cloud mapping and BIM modelling. In the cyber component,
common tools to facilitate data representation include BIM, simulation, point cloud,
and high-fidelity 3D models. Depending on stakeholder/ project requirements, the type
of simulation technology selected may vary between dynamic, discrete event, and
agent-based to reflect construction activities accurately [156], whereas the use of point

cloud models oftenrequires a LiDAR system setup for real-time mapping. With mobile
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robots being increasingly utilised in detection systems, information from dangerous
environments can be safely collected, while structural and health monitoring activities

can be automated through sensor networks and IoT systems [23].

Next, the dataprocessing and computational layer comprise datatreatment, storage and
retrieval, and analytical processing modules to convert raw data into useful information
and, subsequently, knowledge based on a systematic approach. While high-frequency
datacollection enables accurate analysis dueto lower estimation variance, data cleaning
and filtering processes are crucial towards ensuring quality input due to the higher
probability of data redundancy and inaccurate recordings. Data conversion ensures
format compatibility and standardises information flow into the subsequent
computational modules, whereas data fusion enables multiple data sources to be
integrated to generate consistent, useful, and accurate information. Semantic modelling
refers to the method in which information is organised and allows reasoning models to
infer useful knowledge based on the networks and relationships established between
datanodes [39]. Following that, the processed data are stored in remote servers which
host the databases and data lake. The selection of database types depends on the
intended application and is highlighted previously in Section 3.1.2. To derive
meaningful knowledge, the computation layer draws on multimedia processing, data
mining, cloud/ edge computing, algorithms, and ML approaches to generate insights

and analysis for use in the functional layer.

Subsequently, the functional layer identifies core construction applications featured in
existing studies and contains domain-specific knowledge such as the various 1SO
protocols for safety and sustainability, government regulations and guidelines, and
stakeholder-centric preferences and requirements. Relevant knowledge obtained from
the computational layer will be further refined to provide wisdom to the end -users, who
can view the recommended solutions and current situation through the visualisation
layer. Through the various interfaces and mixed reality displays, users can interact and
control the physical assets, as well as implement system-generated solutions. The
modules showcased within each layer can be integrated to fulfil specific use cases [87],
and as such, potential technology combinations can be deployed to overcome advanced

construction pain points.
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Figure 6. A unified technological architecture featuring co-construction elements for Construction 4.0
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3.2 DT Perspectives on Construction Lifecycle Aspects
Based on a Six M Methodology

This section presents a novel Six M methodology to represent the essential factors
required for successful construction projects. Adapted from established reliability
engineering paradigms with lifecycle consideration [157], this methodology consists of
Machine, Manpower, Material, Measurement, Milieu, and Method (Six M) and is
closely associated with the BLM approach [158]. Based on both the Six M and building
lifecycle perspective, as illustrated in Figure 7, the benefits of DT are categorised
accordingly. It is noted that DT technologies did not prominently support the

‘requirements identification’ and ‘project planning’ stages.

Six M applications

9.0%  Manpower

Machine 4.0%

7.0%
Material

Building lifecycle stages

Decommission

12.0%

Design &
engineering
On-site
construction

Method
20.0%
47.0%

Measurement

19.0% Operation &

maintenance

67.0%

Medium

14.0%

Figure 7. Distribution of existing applications on Six M and BLM aspects

3.2.1 Machine

The Machine aspect represents all physical assets related to equipment and machinery
(E.g., truck, crane) used within the construction industry. DT technologies are often
deployed on high-value assets to enhance efficiency and reduce breakd owns throughout
the usage phase. Within the on-site construction phase, Zhang et al. [159] proposed a
multi-system coupling mechanism to support a CPS-based hierarchical autonomous
control of a tunnel boring machine (TBM), while Li et al. [160] developed a DT-driven

virtual sensor structure for trailing suction hopper dredger to support pre-warning and
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safe operations. Zhang et al. [161] proposed a unified robot-oriented framework for
building automation and robotics. Liang et al. [162] established a robot control policy
to handle repetitive tasks, while Zhang et al. [163] developed a dynamic data-driven
modelling mechanism to allow robots to handle automatic pavilion constructions. Also,
Lee et al. [164] proposed a DL approach to enhance the task allocation performance
during robotic construction. In the operations and maintenance phase, Jiang et al.
[165] simulated hoisting behaviours to avoid potential safety accidents for the tower
crane, and Liu et al. [166] utilised the SVM approach to predict risk in advance for
prefabricated elements hoisting. Besides, Kan et al. [167] proposed a layered CPS

approach to plan and monitor mobile crane operations.

3.2.2 Manpower

The Manpower aspect involves the working force engaged throughout the construction
stage and ranges from designers to equipment operators. Current DT studies in this
aspect only focus on the on-site construction phase. For worker safety, Wu et al. [168]
introduced a real-time visual warning system to proactively avoid dangerous entities
for construction workers based on deep learning and mixed reality. For worker training,
Akanmu et al. [169] showcased a CPS-driven postural training platform for workers to
practice construction operations via a VR environment, while Sepasgozar [170]
integrated VR/AR and DT technologies to educate stakeholders in the design,

development, and implementation of a tunnel boring project as part of an education

pedagogy.

3.2.3 Material

The Material aspect includes raw materials and intermediate products such as precast
models, and recent studies mainly focus on material performance and tracking. In the
design and engineering phase, He et al. [171] utilised a BIM-enabled fabrication
methodology with material configurations to advance 3D printing capabilities in
construction. Also, Orozco-Messana et al. [172] presented a novel solution for building
envelope regeneration through leveraging Phase Change Materials elements. In the on-
site construction phase, Marini et al. [173] presented a CPS-based method to improve

the traceability and radiological detection of construction material. In the operations
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and maintenance phase, Meza et al. [174] explored the use of secondary raw materials
(SRM) in terms of feasibility, suitability, and sustainability in the long run. In the
decommissioning phase, Ziist et al. [175] enhanced construction sustainability by
evaluating excavation and demolition material flows via economic and circular

economy perspectives.

3.2.4 Measurement

The measurement aspect refers to the transformation of information drawn into
descriptions and quantities, which can be extended to include the value, cost, and price
of construction work. Moving towards a digitalised landscape, data acquisition and
status monitoring of both physical objects and target environments are essential for the
development of infrastructures in a speedy, dependable, and sustainable manner. In the
on-site construction phase, Hao et al. [176] reduced carbon emissions through a BIM-
based approach. In the operations and maintenance phase, Chiachio et al. [177]
proposed a DT framework for structural monitoring tasks within the civil engineering
domain; many researchers implemented practical health monitoring systems for
different structures and scenarios [178], including beam string structures [179], large-
scale structures [180], timber buildings [181], bridges [182] [183], underpass [184], and
road [185]. For non-destructive asset evaluations, Angjeliu et al. [186] developed an
expedited modelling method for dynamic reconstruction simulations, while Kong et al.
[187] presented an ML approach based on percussive diagnostic techniques to
determine conditions of bolted joints. To assist in failure avoidance, Mahmoodian et al.
[188] developed CPS-enabled monitoring systems to provide early warning capabilities

and corrective instructions.

3.2.5 Milieu

The Milieu aspect represents the physical environment in which work is carried out and
includes ambient information, terrain type, and surrounding layout. In the on-site
construction phase, Zhang et al. [189] integrated DT and the extension of the level of
details in BIM into a framework to support construction site monitoring and
management. Jiang et al. [190] [191] proposed a DT-enable system to achieve the real-

time management of on-site assembling during modular integrated construction. In the
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operations and maintenance phase, both building and city environments are targeted
as potential optimisation areas. For indoor environment management, CPS-enabled
systems were deployed to boost thermal comfort for both homes and offices based on
user preferences and energy efficiency [192], [193], [194], [195]. Meanwhile, Zhao et
al. [18] visualised indoor conditions and energy consumption parameters, while
Shahinmoghadam et al. [196] developed a VR platform to monitor thermal comfort
conditions. Zhang et al. [197] developed an automatic humidity control system for
heritage sites via computational fluid dynamics simulation, and Bonci et al. [198]
developed a BIM-based CPS platform to evaluate and optimise building performance.
For building occupancy monitoring, Gomes et al. [199] proposed a context-aware
recommendation system for co-working environments, while Seghezzi et al. [200]
presented an occupancy-oriented building management system to optimise cleaning
operations. For smart city development, Schrotter, Hiirzeler [201], White et al. [202],
Cho and Kim [203], and Wu et al. [204] developed DT cities to enhance transparency,

transport efficiency, and urban planning.

3.2.6 Method

The Method aspect covers the approaches used to improve B&C efficiency throughout
the lifecycle. In the design and engineering phase, building shape optimisation can
allow planners and architects to minimise environmental influence when designing
buildings. Wei et al. [205] proposed an assessment approach for the wood panelised
components during off-site construction to progress to the next construction step. Boke
et al. [206] demonstrated the CPS-enabled automation of adaptive fagade functions
ranging from solar shading to sound insulation, whereas Ding and Kareem [207]
utilised building shape morphing and evaluation techniques to reduce wind load
significance to satisfy building drift and comfort requirements. For BEM, Porsani et al.
[208] and Demianenko et al. [209] proposed a workflow and framework for automating
energy analysis based on BIM. For indoor environment design, Jia et al. [210]
developed a platform-based method for rapid prototyping and explored design spaces
to improve design performance. In the on-site construction phase, for safety
management, Jiang et al. [211] established CPS-based risk data synchronisations with
warning and scene reconstruction mechanisms, while Liu et al. [212] proposed a

hoisting safety risk management framework for prefabricated buildings with
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considerations to relations between risk factors. To improve construction logistics,
Greif et al. [213] implemented a decision support system for silo dispatch and
replenishment via fill-level monitoring. As for quality assessment, Tran et al. [214]
ensured the 3D geometric quality of as-built prefabricated facades through comparisons
between the as-designed and as-built digital models. To enhance sustainability, Yang
et al. [215] contributed to long-term city development by summarising publications
considering DT integrated with intelligent green buildings. Cetin et al. [216] explored

how to apply circular principles during the construction lifecycle.

In the O&M phase, asset management organises resources through structured and
competent means [217]. To enhance the operation and management flow of buildings,
Zhao et al. [218] and Quirk et al. [219] proposed conceptual frameworks for DT-based
FM systems while detailed solutions for specific assets, including pumps [220], tunnel
[221], bridge [222], and airport [223] [224] have also been explored. To lower energy
consumption, Francisco et al. [225] benchmarked daily electricity usage according to
the strategic period while innovative approaches, including activity monitoring [226]
[227] and resilient buildings achievement [228] [229], are proposed. Bass et al. [230]
and Huang et al. [231] achieved a regional energy-saving system through urban-scale
energy modelling. To achieve NZEB [232]. Hosseini Haghighi [233] enhanced the
interoperability between urban building data and energy consumption evaluation. To
enhance lifecycle management, Yitmen et al. [234] analysed the impacts of using
cognitive DT systems in various lifecycle aspects based on applicability,
interoperability, and integrability. Furthermore, several studies have illustrated DT-
enabled decision support capabilities in infrastructure projects [235], [236], [237] with
emphasis on sustainability and vulnerability. Lastly, Zu and Dai [238] highlighted a
distributed path-planning strategy to reduce crowd-induced casualties during building

evacuation.

3.3 Future Directions for DT in Construction 4.0

This section reviews potential trends highlighted from existing studies and outlines 11

directions to advance DT-enhanced systems in construction. These future directions are
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categorised from technical, application, environmental, and management perspectives,

as shown in Table 8.

Starting with system and technology enhancement, the development of diverse and
multi-function sensor systems would facilitate data collection in complex and harsh
environments through intelligent, miniaturisation, and integrative functionalities to
support cellular networking, GPS, and robotics. Al-enhanced functionalities such as
ML, CV, and optimisation algorithms can significantly improve process efficiency and
provide better analysis and solutions. Multi-function and integrated DT systems aim to
incorporate functionalities with higher operation performance to include additional
project considerations within the same platform, such as environment monitoring,

safety management, and building evacuation.

Next, a wider scope of implementation would provide more industrial relevance as DT
systems can take on increased functional roles and alleviate pain points based on a
holistic outlook. Multi-asset servitisation requires multi-source datasets to manage
high-quantity assets and leverage resource data to enhance overall B&C operations.
City-scale DT systems highlight the shift from building-oriented DT systems towards
the mapping and management of virtual cities for mass administration and urban
planning cases. Broad industry implementations will provide a wider sense of realism
to enterprises and industry stakeholders by implementing DT-enabled solutions with an
emphasis on industrial protocols and guidelines to resolve real-life situations feasibly.
Encompassing the entire lifecycle refers to the expansion of DT solutions to include
knowledge from design to demolition stages to better manage bottlenecks economically

and efficiently.

The circular economy promotes sustainability and is emerging as a crucial factor in the
modern construction environment. Sustainable construction mainly targets resource
savings, emission reduction, and waste management in the on-site, operation, and
decommissioning stages. Meanwhile, lean concept integration ensures the efficiency
and environmental footprint of prefabricated production operations through reduced

material and energy consumption in the design and manufacturing stages.
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Lastly, DT has the potential to improve project management from both a time and cost
perspective. The Time-based analysis utilises DT-enabled solutions to optimise project
timelines, mitigate disruptions, and reduce the risk of delays. Economic considerations
factor in the financial perspectives and ensure that the recommended solutions are

feasible while operating within the preferred business model.

With these directions to enhance DT capabilities, other functional techniques derived
from previous work, such as complex environment path planning [239], BIM-enabled
detection methods [50], and other construction enablers, can leverage DT systems to

enhance construction robustness and resilience.

3.4 Leveraging Future Directions for DT-enabled PdM
in the Building Industry

This section examined how insights and directions discussed in Section 3.4 can be

applied to enhance the DT-enabled PdM systems in the building industry.

1) System and Technology Enhancement:

In the PdM system, advanced sensor networks would be critical for monitoring the
health and performance of building components. Intelligent, miniaturised sensors with
integrative functionalities, such as GPS and robotics, could enable real-time,
continuous data collection even in challenging building environments. Besides, Al-
enabling technologies can be utilised to analyse the collected data, predict potential
failures, and optimise maintenance schedules. Optimisation algorithms could further
enhance resource allocation for maintenance tasks, improving system efficiency. Lastly,
the PdM system can be integrated with multiple functionalities, such as monitoring
environmental conditions and controlling safety, thus contributing to broader building

management goals.

2) Wider Scope of Implementation:
In building maintenance, a DT-enabled PdM system can enhance efficiency through
multi-asset servitisation by managing multiple building assets simultaneously, such as

elevators, HVAC systems, and electrical systems. By utilising multi-source datasets,
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the system can allocate maintenance resources effectively across various assets,
optimising overall building performance. Besides, for large projects, such as smart
cities or multi-building complexes, the PdM system can be integrated into city-scale
DT systems, enabling centralised management of maintenance activities across
numerous buildings. This centralisation helps standardise maintenance practices and
improves operational efficiency on a larger scale. Additionally, the PdM system should
encompass the entire lifecycle of building components, incorporating data from the
design and construction phases. This lifecycle approach leads to more accurate
predictive models and more effective maintenance strategies, improving both

performance and cost-effectiveness over the long term.

3) Project Management Improvements:

DT-enabled PdM systems can significantly enhance sustainability, efficiency, and cost-
effectiveness in building operations. Firstly, time-based analysis within a DT-enabled
PdM system allows for failure predictions and the implementation of just-in-time
maintenance scheduling. This proactive approach reduces emergency repairs, optimises
resource utilisation, and mitigates the risks and costs associated with unexpected
breakdowns. Besides, lean concept integration further enhances this by streamlining
maintenance processes, reducing material and energy consumption, and minimising
downtime. Lean principles ensure that maintenance activities are minimally disruptive,
contributing to overall operational efficiency. Finally, economic considerations are
equally important, as the PdM system not only lowers operational costs by reducing
reactive maintenance but also extends asset lifespans. The financial feasibility of the
system must be carefully analysed, ensuring it aligns with industry standards and
business models and offering a cost-effective solution for long-term building

management.

In conclusion, the 11 future directions provide a comprehensive roadmap for
developing and refining the DT-enabled PdM system methodology, ensuring that it is
technically robust, widely applicable, environmentally sustainable, and economically

viable for the building industry.
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3.5 Remark

The versatility and scalability of DT solutions are evident in many industries stretching
from aerospace to healthcare. Emphasising the benefits of DT as a platform within the
B&C industry, this chapter reviews related studies over the past six years to derive an
architecture showcasing the integration of Industry 4.0 technologies as functional
modules within DT systems. In addition, an in-depth analysis based on a novel Six M
methodology and lifecycle perspectives provides an outlook on the advantages brought
forth by DT-enabled systems for various construction functional roles. These findings
are outlined below in two broad perspectives to provide insights on construction DT

applications for stakeholders.

Horizontal technological perspective (Scalability of DT applications). As DT systems
are primarily deployed for environment monitoring and resource tracking roles within
specific use cases, there is a need to investigate the role of DT in handling multi-asset
integration and complex scenarios. To overcome this challenge, the Six M methodology
is highlighted to ensure the scalability of construction DT systems. Consisting of
essential factors for successful project outcomes, the Machine, Manpower, Material,
Measurement, Milieu, and Method aspect provides a reference model for academics

and industries in the implementation of future DT models.

Vertical technological perspective (Advancement of DT systems). To further refine the
role of DT systems in distinct operations, a five-layer DT-oriented architecture
consisting of cyber-physical, data processing, computational, functional, and
visualisation layers highlights how Industry 4.0 technologies can be incorporated.
Furthermore, the breakdown of specific tools and techniques previously utilised
provides a practical guide towardsidentifyingresearch gaps and deploying feasible DT-

enabled solutions.

As challenges faced typically involve complex resource relations, fluctuating
environment conditions, and the lack of high-quality datasets, this resulted in fewer
automatic decision support and recommendation systems within the Machine,

Manpower, and Material aspects. Thus, 11 future directions are identified, including
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diverse and multi-function sensor systems, Al-enhanced functionalities, multi-function
and integrated DT systems, multi-asset servitisation, city-scale DT systems, broad
industry implementations, full lifecycle encompassment, construction sustainability,
lean concept integration, time-based analysis, and economic considerations. The
authors hope that this research can be regarded as a guideline for more DT-related
research and discussion towards innovative construction applications and Construction

4.0.
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Table 7. Benefits of DT applications categorised by Six M aspects based on B&C lifecycle stages

Six M aspect  Lifecycle stage Construction function Reference DT-enabled benefits
Intelligent equipment Reduce steady-state errors and safety risks.
control [159]1160]
On-site Improve context observation to implement robot control policy, enhance the generative design
construction Automatic robot [161][162][163] and robotic construction through real-time perception-modelling, and achieve real-time
Machine construction [164] bidirectional communication and supervision of remote collaboration between workers and
robots.
. Safety management [165][166] Improve object detection confidence level in the digital triplet security system.
Operations  and
mp intenan O — [167] Enhance bidirectional coordination between virtual and physical assets and establish context-
amtenance sset manageme aware capabilities for configuration and workflow efficiency.
On-site Worker safety [168] Synchronise information in dynamic and complex environments to process hazards.
Manpower X . .. Decrease training risk through a virtual practice platform and improve the learning effects of
construction Worker training [169][170] .
Design and Egtuililt?sl;etion design [171] Provide more accurate models to support the design validation of 3D-printed modules.
engmeerng Reuse and recycling [172] Reduce material consumption and waste generation through building component reuse.
Material On-site . Mate.rlal information [173] Improve traceability and radiological detection of construction material.
construction tracking
i D ili . L . . .
Ope?ratlons and urajtn le and response [174] Facilitate material circularity by exploring properties and responses of SRM.
maintenance monitoring
Decommissioning Reuse and recycling [175] Guide material flows towards a sustainable material flow through quantitative assessment.
On-site Greenhouse gas emissions [176] Improve the potential for establishing energy conservation and emission reduction strategy
construction tracking through real-time GHG emissions monitoring.
Measurement Overations  and H;g} H;ﬂ H;g} Provide promising paradigms for real-time and continuous SHM application, including
pe SHM structural damage detection, safety assessment, failure avoidance and maintenance operations
maintenance [183][184][185] assistance
[186][187][188] )
On-site Construction site 1891719011191 Improve construction digitalisation through automatic detection and monitoring of construction
construction monitoring B ST ] site and assembly progress.
Indoor environment [192][193][194] Benefit visually dynamic common platforms for intelligent indoor management functions,
Milieu . [195][18][196] including real-time monitoring, safety maintenance, thermal comfort, and reducing resource
Op;ratlons and management [1971[198] consumption.
maintenance Building occupancy [199][200] Improve space utilisation and sensorsystem efficiency and accuracy through real-time building
monitoring occupancy monitoring and intelligent algorithms.
[201][202][203] Easier demonstration and transparency of administration tasks, urban planning, and policy to
Smart city development [204] the public through visualisation and analysis of digital prototypes.
Buildi hane/orofie Automate fagade functions development, minimise the influence of wind load through dynamic
. uildin shape/pro
Method Design and o timisition pe/p [205][206][207]  facade,provide a cost-effective method to satisfy serviceability limits and optimise the shape
engineering p of the concrete roof structure with complex geometry for energy saving.
BEM [208][209] Enhance the interoperability between BIM and BEM in the building design phase.
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Enable rapid prototyping of applicationsto improve design performance by reusing hardware

[ndlver ervienmsnt desi - [210] and software on shared infrastructures.
- — R vl ve TRk
Safety management R211][212] Enhance safety management in construction sites through risk factors analysis, proactive ris
On-site control, and threat assessment.
. Construction logistic [213] Support decision-making during silo dispatch and replenishment activities.
construction o - p - - - -
. Facilitate the visual quality assessment of as-built prefabricated fagades duringthe construction
Quality assessment [214] process
Sustainability enhancement [215][216] Support data synchronisation and blockchain integration for traceability and incorporate the
smart product-service paradigm.
[218][219][220] Better access to siloed data and support the development of asset management applications
Asset management [221][222][223] such asreal-time monitoring and more intelligent decision-making for cognitive buildings.
[224]
. [225]1[226][227] Promote energy-saving construction to achieve energy-reduction goals through accurate energy
Operations  and E . g : g . g ] ] :
. nergy reduction [228][229][230] simulation analysis, encourage energy-efficient behaviours, and intelligent matching of
maintenance . .
[231][233] residents and activities.
Lifecvele manaeement [234][235][236] Enable cognitive featuresin assets to support sustainability and vulnerability assessments and
Y g [237] maintain quality throughout the construction lifecycle.
Building evacuation [238] Provide guidance information for efficient building evacuation in emergencies.
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Table 8. Future directions for DT in Construction 4.0

Category Reference Future Direction Description
Technology [23]1[26][37] Diverse and multi- Develop advanced miniature sensors with intelligent and integrative features to support GPS, 4/5G, and robotics for
enhancement [156] function sensor systems  performance improvements.

Application scope

Circular economy

Benefits analysis

[25] [87][90]
[93] [96] [240]
[35] [46][219]
[241][242]
[84] [95] [243]
[201][202]
[244][245]
[246]

[36] [49] [54]
[59] [167]
[176][247]

[31][32][225]
[62] [63] [248]
[249]

[250][251]
[252]

Al-enhanced
functionalities
Multi-function and
integrated DT systems
Multi-asset servitisation
City-scale DT systems

Broad
implementations

industry
Encompass full lifecycle
Sustainable construction
Lean concept integration

Time-based analysis
Economic considerations

Automate and accelerate learning, reasoning, and perceiving from extensive datasets to tackle higher-order tasks such as
detection, prediction, optimisation, and planning.

Enhance computation capabilities to include higher quality simulation and solution accuracy as well as fasterprocessing
time to support visualisations and evaluations.

Integrated solutions using assets and resources to enhance recognition, tracking, and management operations.
Validate current DT architecture on a broader scale and expand DT applications from building to community and city
levels to provide the foundation for the optimisation of city services.

Incorporate complex multi-asset scenarios based on real-life practices to suit industrial needs with an information-rich
DT model.

Achieve an efficient DT system that can be used to plan, design, operate, maintain and demolish economically and
environmentally throughout the whole lifecycle of the construction project.

Improveresource efficiency, tracking, and reducing emissions, extend asset lifespans, and enhance waste management
through functional component monitoring and analysis in each lifecycle stage.

Integrate lean concepts within digital solutions to enhance resource-sustainable infrastructure projects orimplement lean
manufacturing approaches for PPVC production.

Explore the influence of DT solutions on project timelines with comprehensive dataset analysis.

Ascertain the financial viability of DT adoption and the use of DT solutions to achieve cost savings.
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Chapter 4 The Survey of PdM in Building
Industry

Numerous studies aiming at enhancing maintenance practices within the building
industry have recently emerged under the context of the rapid advancement in the ICT
field. In this chapter, we explore the current development landscape of PdM within the
building domain. Our investigation employed the keyword network analysis approach
to extract research clusters and identify the critical factors in existing PdM-related
studies. Besides, we explore the role of PdM in the building industry through a
structured Three-by-Three M analysis approach. Lastly, we discuss the research
challenges and offer insights into future directions within this domain. Drawing from
the analysis of 122 recent papers over the last five years, this chapter serves as a
fundamental reference for PdAM applications in the B&C industry and paves the way for

future developments.

4.1 Research Requirement and Summary

Maintenance is a process of ensuring the reliability, safety, and longevity of complex
systems and products, which is widely valued in many industries, particularly in fields
such as manufacturing, transportation, and facilities management, where the
maintenance of critical components can have a significant impact on safety, efficiency,
and overall performance [253]. Currently, the mainstream approaches are reactive and
preventive maintenance, which lack the capability of condition assessment and
potential malfunctions prediction. The latest maintenance paradigm, known as
Maintenance 4.0 [6], leverages the enabling technologies from Industry 4.0 to
implement more sophisticated and proactive techniques, such as failure prediction, fault
classification, and schedule optimisation. These emerging methodologies can be
assimilated into PdM, which rectifies the limitations of existing maintenance
approaches. PdM is a data-driven method aimed at monitoring the condition states and
forecasting the failure events of the target asset. The implementation of PdM firstly

requires real-time monitoring of equipment, and then its decision-making process is
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heavily dependent on the integration of multi-source data and the computational ability

of AT algorithms.

In our opinion, the implementation methodologies and utilisation scenario of PdM
solutions in the B&C industry are two main aspects. Our study aims to solve the

aforementioned problems with three objectives:

1) Furnishing a comprehensive examination of methodologies and technologies for

feasible deployment of PdM in the B&C industry.

2) Examining the role of PAM in complicated B&C projections while considering

significant factors.

3) Analysing current research challenges and providing instructive work towards

potential directions for PAM in the B&C industry.

In this chapter, recent PdM publications in the B&C industry are analysed
systematically through a keywords network to explore enabling technologies and
prevalent application scenarios in a preliminary manner. Furthermore, methodologies
and implementations are consolidated within the Six M methodology (Method,
Measurement, Manpower, Machine, Material, and Milieu), which is critical for the

successful execution of any B&C-related project.

4.2 Research Methodology

This review focuses on academic articles related to PAM in the B&C industry over the
past five years, including frameworks, methodologies, implementations, etc. The five-
year time range was chosen to reflect the most recent advancements and trends in PAM
research within the B&C sector, ensuring that the review captures the latest
technological and methodological developments in this rapidly evolving field. The
studyrefers tothe PRISMA pipeline [254] to ensure a structured and transparent review

process, while the analytical methodology integrates techniques from prior previous

studies [255][256][257][258][259].

66



The identification of studies is guided by the PRISMA framework, as depicted in Figure
8, which delineates the process into identification, screening, and included components.
Scopus, the largest academic database, was selected to conduct the literature search due
to its comprehensive coverage of high-quality peer-reviewed publications across a wide
range of disciplines. Two sets of keywords associated with PdM and the B&C industry
were employed to ensure comprehensive coverage. The search process can be
replicated using the following pseudocode:

Topic = (“Condition-based Maintenance” OR “Predictive Maintenance”

AND “Building” OR “Construction” OR “Civil Engineering” OR

“Architecture, Engineering, and Construction Industry”)

Time Span: 2018-2022

Language: English

Type = “Article” OR "Review"

Source = “Journal”

Identification of studies

c
_g Records removed before
8 Records identified by Screening:
= keywords from: Scopus *+ Removed for duplicate,
's' * Databases (n =1550) language, type, source
] (n=694)
l
—
Records screened for title, Records excluded
keywords, and abstract: « (n=564) ’
+  (n=856)
oo
c N
= Full-text screened for Records removed, with
3 eligibility: benchmarks
E (n=292) * (n=191)
Studies selected for Studies added based on
eligibility: citation analysis
+  (n=101) « (n=21)
)
_ l
o
L7}
-g Studies included in analysis :
o (n=122)
=

[

Figure 8. Identification of Studies

Subsequently, the records are scrutinised and screened through titles, keywords,

abstracts, and full-text documents. The following selection benchmarks are utilised to
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refine the inclusion of papers relevant to this review: (1) PdM applications and
scenarios are selected, including construction machinery and buildings assets during
the construction and maintenance stage, which contains conceptual and empirical
discussion about PdM, allowing critical technologies to be highlighted. (2) PdM
frameworks are examined to provide an overview of designs, methodologies, and
functions involved, which supports the identification of challenges for maintenance
evolution. (3) Studies directly and indirectly involving PdM concepts are examined,
even those without mentioning PdM in the title, keywords, or abstracts, contributing to

the discussion of PdM for future perspectives.

The outlined workflow and criteria facilitate a comprehensive review process, ensuring
an extensive and appropriate scope of literature. Consequently, 122 publications were
identified, and 16 supplementary works were cited to enhance the credibility and

validity of the survey.

Step 1: Literature identification Step 2: Review analysis Step 3: Discussion & Conclusion
N Detailed analysis Discussion & Conclusion
Publication ) ]
P Full reading of Address research topics,
Identification . i
identified papers gaps, and trends

Keywords
Bibliometric || mapping KEVWOF(‘:‘S
analysis analysis perspective
— SixM analyse SixM

perspective

Real life cases
analyse

Figure 9. An overview of the research methodology

Figure 9 demonstrates an overview of the methodology employed in this study.
Following the publication identification, a bibliometric analysis is performed to discern
trends and patterns within the extant literature, such as research popularity and field
distribution. Then, the detailed analysis contains the keyword mapping, the proposed
SixM analysis, and real-life case studies. Lastly, a discussion and conclusion are
conducted using both keywords and SixM perspectives. Research gaps, limitations, and

future directions are analysed and explored.

Furthermore, Figure 10 illustrates the publication count by country, highlighting the

global distribution of the field and identifying leading nations in research output. Most
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research originates from developed countries or regions, such as Europe, the United
States, and Australia, reflecting the significant demand for building maintenance in
these areas. This trend is associated with the advanced stage of infrastructure
development and the corresponding emphasis on maintenance in developed regions. In
contrast, developing countries are predominantly focused on the construction stage,

resulting in comparatively less research dedicated to the maintenance phase.

2 4 6 8 10 12
Number of Publications

Figure 10. Publication counts by country

4.3 Keywords Network Analyses

Keywords play the most critical role in identifying the main concern of research [260].
The keywords network is established in VOSviewer by text processing and clustering
algorithms [261]. Apart from author keywords, “index keywords” are also utilised in
this scientometric analysis to include any keywords neglected by authors. The keyword
occurrence count in the paper usually represents its main scope and research concern,
while co-occurrences mean two keywords utilised in the title, abstract, or keywords list

of the same article.

To conduct accurate and meaningful analyses, keyword filtering techniques are adopted
to optimise the keyword selection process. A thesaurus is established to merge the
keywords in different expressions with the same meaning, and then meaningless
keywords like methodology and approach are manually removed. The keywords co-

occurrence network shown in Figure 11 is a visualisation representation based on
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bibliometric analysis, which contains keywords with a minimum of 4 co-occurrences.

As aresult, a total of 59 out of 1391 keywords meet the requirement and are tabulated
in Table 9.
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Figure 11. Network visualisation of keywords co-occurrence map about PdM in the B&C industry

Keywordsare clustered through the VOS clustering approach [262] and colour-labelled
in Figure 11; the colour of keywords signifies the cluster to which they belong. The
cycles and labels represent the keywords, while the popularity of keywords is
represented by the circle size and the font size of the label. Keyword relevance is
measured by the distance among them in Figure 11. A shorter distance among different
keywords in the network means a stronger relationship, while a longer distance
indicates a weaker relationship. Figure 11 only displays the strongest relationship
among the keyword’s networks. Four clusters with their keywords are present in Table

9, and their attributes are analysed in the following sections.
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Table 9. Scientomertic analysis of keywords about PAM in B&C industry

No. of Total link Occurrence Avg. Avg. pub.
Keywords

links strength s citations year
Cluster 1 (Red Coded, 20 items)
condition-based maintenance 34 58 14 8.86 2020.93
condition monitoring 39 89 15 16.60 2021.13
corrective maintenance 13 21 4 20.50 2020.25
cost analysis 33 63 13 15.31 2020.54
degradation 14 19 5 9.60 2020.20
deterioration modelling 40 75 15 14.73 2020.60
elevators 11 18 5 3.40 2021.20
health care 16 21 4 8.00 2020.50
life cycle analysis 34 64 11 18.55 2020.64
maintenance 50 183 39 12.08 2020.59
maintenance strategies 31 50 9 29.33 2020.11
Markov processes 22 36 8 4.75 2020.88
monte carlo methods 22 27 5 10.40 2021.40
pavement 11 16 5 3.40 2021.00
preventive maintenance 34 55 11 22.36 2020.73
remaining useful lives 9 13 4 10.50 2020.50
repair 27 38 7 44.57 2020.57
risk assessment 27 34 7 4.71 2021.14
sensitivity analysis 13 16 4 4.50 2021.00
service life 14 21 6 14.00 2020.17
Cluster 2 (Green Coded, 19 items)
anomaly detection 16 17 4 43.75 2020.00
building 49 102 16 24.69 2020.25
building maintenance 22 29 5 5.80 2021.40
data acquisition 28 37 4 57.00 2020.25
decision trees 19 20 4 19.50 2020.00
deep learning 26 33 5 26.40 2021.20
defects 29 42 7 27.29 2020.57
energy management 32 60 10 14.20 2020.70
fault detection 27 53 15 12.20 2020.80
forecasting 41 70 11 16.45 2021.09
Heating, ventilation and air
conditioning 34 96 22 11.27 2020.73
industry 4.0 8 8 4 4.50 2021.25
learning systems 29 43 5 64.60 2019.20
machine learning 36 81 13 28.31 2020.54
monitoring 21 28 6 26.33 2020.50
operation and maintenance 30 39 5 24.80 2020.80
predictive analytics 25 34 5 10.80 2020.80
railroads 14 15 5 4.20 2021.40
structural health monitoring 18 26 8 25.25 2019.63
Cluster 3 (Blue Coded, 13 items)
architectural design 38 100 12 31.50 2020.75
artificial intelligence 18 19 4 14.75 2020.25
bridges 15 17 4 7.25 2020.00
building information modelling 38 109 22 22.95 2020.36
condition assessment 29 45 7 41.29 2020.14
construction industry 29 42 6 16.17 2021.17
decision support systems 47 126 24 13.54 2020.71
information management 38 87 13 22.62 2020.54
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information theory 26 51 6 44.50 2020.83
inspection 18 39 7 21.43 2020.71
safety 12 16 5 12.00 2020.60
structural analysis 18 24 4 4.25 2020.75
visualisation 19 32 5 23.40 2019.80
Cluster 4 (Yellow Coded, seven items)

data mining 19 23 5 12.80 2020.60
digital twin 15 22 5 27.80 2021.00
facility management 36 81 12 30.92 2020.75
Internet of things 39 90 15 22.87 2020.73
office buildings 40 80 10 33.90 2021.00
performance assessment 12 13 4 6.50 2021.00
predictive maintenance 36 106 23 13.48 2020.83

1) Number of Links

This attribute represents the number of links a keyword has with others. The two
keywords with the most links are maintenance (50) and building (49), as the
investigation concerns PAM in the B&C area. The third keyword is the decision support
system (47), revealing the nature of PdM. This is followed by forecasting (41),
deterioration modelling (40), office buildings (40), condition monitoring (39), and the
Internet of Things (39). The first four in thelist indicate that PdAM focuses on monitoring
and forecasting functions for building-related assets, which are the main progress and
improvement compared with traditional maintenance. IoT shows this is the most critical
and foundational supporting technology for PdAM implementation in the B&C industry.
The lowest number of links belongs to Industry 4.0 (8), which shows that current PdAM
research in the B&C industry has not fully utilised and integrated enabling technology
and knowledge from the Industry 4.0 perspective. Therefore, future research should
explore the potential of cooperating with Industry 4.0 enablers with PAM in the B&C
area. Other lower keywords, such as remaining useful lives (RUL) (9) and pavement
(11), are functions provided and targets applied, which means relatively fewer research

efforts and industry applications in these areas.

2) Total Link Strength

The strength of a link indicates the number of documents using different keywords in
conjunction; more co-occurrence means a higher strength of links. Total link strength
indicates the total strength of the keywords’ links, which can be accepted as the
influence index of keywords in this area. According to Table 9, the keywords with the
highest total link strength are maintenance (183) again, followed by decision support

system (126), building information modelling (109), predictive maintenance (106), and
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building (102). The emerging term is BIM and PdM. PdM is expected because it is the
research concern. Compared with IoT, BIM has fewer but stronger links, meaning BIM
has lower popularity but more profound impacts than [oT in this area. Digitalisation in
the B&C industry began with computer-aided engineering and 3D information models,
which were first utilised by architectural engineers during the design stage. This led to
the expansion of BIM-based studies in other life stages, such as the O&M phase.
Indeed, the collection, storage, management, and utilisation of information are regarded
as the largest challenges throughout the PdM implementation. The research about the
combination of IoT and BIM has the promise to enable PdM to achieve efficiency
improvement, service life extension, and other advantages. Therefore, BIM integration
is the key to the PAM in the B&C industry and will occupy a prominent place in future
research. The gap in Industry 4.0 (8), performance assessment (13), and RUL (13)
issues in PdM research are the same as the analysis for the number of links and need to

be concentrated on in the future.

3) Occurrence Frequency

Occurrence frequency indicates the number of keyword occurrences in articles,
showing the main concern of the article. A higher occurrence frequency of keywords
indicates an intense focus on the particular field. Its pattern and trend are similar to the
total link strength. The keywords that scored the highest occurrence frequency are
maintenance (39), decision support system (24), predictive maintenance (23), heating,
ventilation and air conditioning (22), and BIM (22). The new revelation is that the
predominant application of PdM solutions within the B&C industry lies in HVAC
system maintenance. The low boundary of occurrence frequency comprises numerous
keywords as the threshold for co-occurrences is set at 4, which contains a limited
spectrum of application scenarios, like healthcare (4) and bridges (4), as well as

underutilised methods including Al (4) and deep learning (4).

4) Average Citations

This attribute indicates the total citation counts received by all publications utilising the
keyword divided by publication counts. Average citation scores are computed free from
the research area, while the PdM in the B&C industry is involved in multiple disciplines
(Figure 11). Repair (44.57), condition assessment (41.29), facility management (30.92),

maintenance strategies (29.33), and machine learning (28.31) are the top five keywords,

73



indicating attractive topics which are more likely to be cited. Future studies should
focus on the ML-driven task related to the first four categories in the list. The gap
mainly exists in pavement (3.40), elevators (3.40), railroads (4.20), structural analysis
(4.25), and Markov process (4.75), which means the article related to these topics are
not easy to gain attention from researchers. To synthesise, in the application domain,
researchers tend to favour the utilisation and citation of studies that demonstrate
adaptability and universality. For the methodology side, it has been observed that ML
techniques offer more informative insights and reference value compared to traditional

numerical methods, such as Markov processes.

5) Average Published Year

The average publication year of the documents provides insight into the chronology of
keywords' occurrence in the relevant papers. The closer year of publication, the newer
research topic represented by keywords. It is noted that keywords such as Monte Carlo
methods (2021.40), elevators (2021.20), deep learning (2021.20), condition monitoring
(2021.13), and digital twin (2021.00) are relatively recent and frequently used in
conjunction with PdMresearch in the B&C sector. The chronological sequence of these
keywords suggests that in recent years, researchers have been directing their attention
towards exploring intelligent, visualised, and real-time solutions for increasingly

building-related assets through advanced computing methods.

4.4 Three-by-Three M-based Literature Analyses

Keyword analyses in Section 4.3 provide a preliminary understanding of the prevalence
and technological status of PdM in the B&C industry. However, a comprehensive
review of the research situation requires a systematic approach that incorporates a
comprehensive perspective and meticulous summarisation. The refined Six M
approach, derived from [259] and originally developed from Ishikawa’s diagram [263],
is utilised to analyse the crucial determinants of successful PdM projects in the B&C
sector. The schematic representation of the Six M methodology is shown in Figure 12.
Milieu, Machine, and Material (Hard Ms) are utilised to distinguish the targets and
scenarios of PdM, while Manpower, Method, and Measurement (Soft Ms) categorise

their methodology. M concepts are listed in Table 10. The maintenance action is
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achieved through manual operation, intelligent optimisation, automatic bidirectional
information transfer, etc., between the two M groups. The outermost layer refers to the
division of the construction lifecycle [158]. PAM is predominantly applied in the on-
site construction phase for construction machinery and the O&M phase for building

assets.

This section presents an in-depth analysis of the literature about PdM in the B&C
industry, and an extensive review of existing studies has been summarised in Table 11
using the Six M approach. To further clarify the details of the Soft M, Table 12 provides
a comprehensive illustration of the various PdM tools and techniques that have been
applied in the B&C industry. It should be noted that the table only listed the algorithms,
software and hardware mentioned in the article. As authors typically only highlight
noteworthy tools or techniques in their articles, the absence of information in the table
(indicated by "NA") implies that the author did not emphasise such details, rather than
no relevant requirement or support. Additionally, the distribution of the Soft MS and
Hard MS is presented in Figure 13. These tables and figures provide us with a visual
representation of the prevalence of different M aspects in the B&C industry and the

extent to which they have been valued in practical situations.
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75



Milieu
29%
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Machine 89% Measurement
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Figure 13. Distribution of Hard MS Applications & Soft MS methodology
Table 10. M definition in the Three-by-Three M method
M Definition
Method: Refers to the procedures and processes to improve the PAM performance in the B&C

industry. This category addresses issues related to work procedures, work sequence, and
workmanship.

Measurement:Refers to the methodology for the conversion of graphical information into numerical

Manpower

Machine:

Material:

Milieu:

information, and description can be expanded to evaluate the building assets and on-site
construction processing. This category addresses issues related to accurate measurement
and data transformation.

Refers to the workforce-centric solutions for PAM implementation in the B&C sector, which
range from designers to operators and supervisors. This category addressesissues related to
training, experience, and workload.

Refers to building facilities (HVAC, lift, etc.) and construction equipment (crane, TBM,
etc.) utilised in the B&C industry. Issues in this category are mainly related to repair,
malfunctions, and obsolescence.

Refers to all other B&C-related raw materials and components except machines such as
pavement, walls, tiles, roofs, etc. Issues in this category are mainly related to quality,
availability, and compatibility.

Refers to the practice environment where the assignment is conducted, such as buildings or
bridges, etc. Issues in this category are mainly related to site management, ambient
information, and surrounding layout.
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Table 11. The Three-by-Three M matrix for literature analysis

Fault
identification

Fault
prognosis

Method

Degradation
analyses

Strategies
optimisation management management

Life cycle

Asset

Measurement
Defects
detection 1D

Manpower
Labour
management

[264], [106],[120],
[123], [133],[265],
HVAC Systems [220], [266],[119],
[141], [267],[268],

[269], [270], [271]
Elevator & lift
system [280], [138], [281]

Lighting system [286]
Fan system -
Heat Meters -
Machine Fire. safety i
equipment
TBM -
knuckle boom
crane
Dragline
subsystem
Slurry pump -
Switch machine -
Smart grid
facility
Wind Turbines -

[135], [131],
[272], [273],
[274]

[139]

[22_;7]

[275]

12761, [277]

[282], [283]

[293]
[294]

[278], [279]

[284], [285]

[288]
[290]
[291]

Multiple

building -
structures

Lining Structure -

Roof structure -

Material Concrete beams -
Cladding
systems =
(Facades)
External Thermal
Insulation -
Composite

[301], [147],
[302]

[306], [307]

[312], [313]
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[299], [300]

[303], [304]

[305]

[308]

[309], [310],
[311]




Systems

(ETICS)

Building

envelope -
elements

Pavement

structure

Metallic frame

structure

Masonry

structure

Water diversion

structure

Pipe System -
Steel wire rope,

Cable

Railway related
components

[328], [329]

[315], [316]

[314]

[317], [318]

[326], [327]

[321]

[323]
[324]

[320]
[37]

[322]

[330], [331]

Milieu

Public building

Timber building -
Heritage
buildings
Healthcare
building
Bridge system

Penetration dock -
Offshore wind

farms

Oil and Gas

Field

Smart city [359]
Business parks -
University

laboratory L1l
Confined spaces -

[128]

[349], [350]

[333], [334],
[335], [336]
[343]

[145], [346],
[347]

[237]

[357]

[358]

[344]

[337], [338],
[339], [340]

[348]

[351], [352],
[353]
[356]

[341]

[345]

[354], [355]

[366]

[362]
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Table 12. Detail analysis of Soft Ms

M Function Tools/Techniques

Algorithm/Methodology:

ML cluster: Bayesian network model, Calibration techniques in ML
classification models, Clustering-evolutionary hybrid approach, GA,
Semantic modelling, Bayesian optimisation algorithm, SVM, Principal
component analysis (PCA), Bayesian change point detection
methodology, Particle swarm optimisation (PSO), Clustering-PSO
enhanced  algorithm, Hierarchical extended  KNN, RF
classifier/regression, Moving window algorithm, Classification and RT,
Feature extraction approaches, ANN: 2-D CNN, Variational AE
techniques, AE and LSTM-encoder-decoder, Deep AE.

Numerical cluster: Variance, Lag-1 autocorrelation function (ACF1),
Power spectrum (PS), Monte Carlo simulation, Gaussian distributions,
improved Gaussian mixture model with PCA approach

Software:

Programming: MATLAB, Microsoft Visual Studio Community 2019,
JavaScript, WebGL; Modelling: Autodesk Revit, Autodesk Forge
Platform, TRNSYS, HVACSIM+ simulation platform, TSI ProHood Air
Capture, Autodesk Revit Scan-to-BIM plugin, EnergyPlus,
DesignBuilder; Data management: Netica software, GraphDB, Oracle,
MySQL, Microsoft Azure, Amazon Web Services, Google Cloud; FM:
Elevint

Fault
identification

Hardware:

Hood model PH731 TX5 laser scanner, Geographic Information System
(GIS), Sensor system (Tilt sensor, strain gauge, vibrometer, Current,
Voltage, Temperature, Ambient temperature, Humidity, Photoresistor,
Distributed slave meter, measurement controlunit (M CU), Sensor board:
Arduino MCU, Raspberry Pi3B

Algorithm/Methodology:

Method ML cluster: LR, Decision tree, MLP, Gradient boosting classifier (GBC),
RF, Naive Bayes, LR with elastic net regularisation model, Bagging
decision tree (BDT), SVM, Ensemble model, physics-guided Gaussian
process (PGGP), Synthetic minority oversampling technique (SMOTE),
Improved backward recursive Algorithm, Feature extracting algorithms
including PCA and wavelet of time series, ANN: Recurrent neural

Fault network (RNN), Gated recurrent unit neural networks (Semi-supervised
prognosis ~ model),
Numerical cluster: Hidden semi-Markov model-based method (HSMM),
Kolmogorov—Smirnov (k-s) test, Finite element modelling (FEM),
Standard gaussian process
Knowledge cluster: Questionnaire
Software:
Programming: MATLAB, Python; Data management: SQL database
Hardware: NA
Algorithm/Methodology:
ML cluster: Nonlinear optimisation method, Metropolis-Hastings
algorithm (MHA), Hybrid GA-based fuzzy Markova model, Markov
chains, 3D scene reconstruction algorithms (SEMVSM),
Numerical cluster: Markov-chain Monte Carlo (MCMC) method,
Markov degradation models, NLO models, Quasi-Poisson regression, the
Degradation least square interpolation, Piecewise deterministic Markov process
analyses (PDMP), Chapman—Kolmogorov equation, Monte Carlo simulation
Software:
Programming: MATLAB, Fuzzy Logic Toolbox in MATLAB,
Modelling: Autodesk Civil3D, Autodesk Dynamo, Autodesk Revit,
Autodesk Recap, Autodesk Inventor; Data management: Microsoft
Excel, Flux, Konstru, Speckle; Knowledge: Bridge deterioration
knowledge ontology
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Hardware:

UVA (DJI Phantom 4 Pro), Traffic speed deflectometer (TSD), Pavement
assessment vehicle (iPAVe), Geophysical survey systems, Model 4108
1.0 GHz hom

Strategies
optimisation

Algorithm/Methodology:

ML cluster: Reinforcement learning (proximal policy optimisation
algorithm), Hybrid hierarchical k-means clustering, GA, Decision-tree
based classification methodology, Non-dominated sorting GA (NSGAII),
RF, Vector autoregression (VAR), Vector error correction model
(VECM), Autoregressive moving average (ARMA) model, Sentiment
analysis, PCA

Numerical cluster: Weibull distribution, Log-normal for varying rates,
Multiple linear regression equation, Binary linear programming, The least
squares method, Bayesian structural time-series model, MCMC
Decision support cluster: Multiple objective optimisation-based
clustering approach, Fuzzy logic-based multiple criteria decision-making
(MCDM), Fuzzy axiomatic design (FAD), Additive ratio assessment
(ARAS), Stepwise weight assessmentratio analysis (SWARA), Weighted
additive sum product assessment (WASPAS), Fuzzy analytic hierarchy
process.

Knowledge cluster: Qualitative studies (grounded theory), Knowledge
management model, Semi-structured interviews, Questionary, Market
survey, Granger causality, Visual survey, SQL-based association rule
mining

Software:

Programming: MATLAB, Python, R; Modelling: Autodesk CAD,
Autodesk Revit, Autodesk Dynamo, CSI-Bridge, Open Studio; Data
management: NVivo; Model optimisation: CPLEX, General algebraic
modelling system (GAMS); Sustainment Management System: USACE -
CERL SMS, SMS BUILDER; Construction Cost Estimating: RSMeans;
Crack Inspection: SCC-MATS

Hardware: NA

Life cycle

Algorithm/Methodology:
ML cluster: SVR, Hidden Markov model, Fuzzy logic, ANN, Generalised
linear regression, Ensemble inference models, Kalman filtering,
Exhaustive Chi-square automatic interaction detection algorithm,
Static/dynamic tests, PCA
Numerical cluster: Stochastic maintenance models, Petri nets, Weibull

management distribution, Fused root mean square index FRMSI, Deterministic and

probabilistic approach, FEM, Monte Carlo simulation with statistical
distributions

Decision support cluster: Multi-criteria analysis

Software: Programming: MATLAB; Data management: IBM SPSS,
Hardware: MTS 64.106 tensile machine

Asset

Algorithm/Methodology:

ML cluster: Bayesian network model, Text mining, MLP models,
Autoregressive integrated moving average (ARIMA) models, Fuzzy set
theory, Fuzzy logic, X-means clustering algorithm, SVM, Regression tree
(classification/prediction), KNN algorithm, ANN

Numerical cluster: Markov chain model with distribution fitting
techniques, Markov chains, Simon model, Statistical method,

management Independent and identically distributed (IID) test, k-s test, Failure mode

effects and criticality analysis (FMECA); Empirical calculation
method(Creep numerical model, Shrinkage numerical model), Finite
element modelling, Experimental and numerical investigations,
Dempster-Shafer (D-S) theory, Analytic network process (ANP),
Hausdorff distance, Maximum deviation squares, Nonlinear finite
element (FE) program
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Decision support cluster: MCDM methods, Analytical hierarchy process
(AHP), weighting method

Knowledge cluster: Questionnaire survey, Evidential reasoning, Expert
interviews, IDEFO methodology, GIS

Software:

Programming: Microsoft Visual Studio, MATLAB, Software R, C++,
C#, Python, Arduino; Modelling: Bridge information model (BrIM),
HoloBridge, Autodesk Unity, Autodesk Revit, Autodesk Dynamo, OBJ
Exporter, iDM Revit Plugin, COBie Toolkit, Autodesk COBie Extension,
Autodesk Inventor, AgenaRisk, Ansys Workbench, AutoCAD, Apple
SceneKit, Apple ARKit; Data management: Cloud database, InfluxD,
Microsoft excel, Easyfit

Hardware:

Microsoft Hololens, Drones, UBIDOTSplatform, Sensor system
(Arduino microcontroller, DHT11 sensors, PT550 light sensors, Power
meter, Current Transformer (CT), Ambient sensors (temperature,
humidity, etc.))

Measurement

Defects
detection

Algorithm/Methodology:

ML cluster: Hierarchical feature selection (HFS) Algorithm, Least-
squares SVM (LS-TWSVM) algorithm, SVM, KNN algorithm, one-vs-
all LR algorithm, Repeated random subsampling validation, Monte Carlo
cross-validation approach, Class activation mapping (CAM), Fuzzy logic,
Neural fuzzy system. ANN: Mask R-CNN, CNN, pre-trained CNN
classifier, ResNet-50

Numerical cluster: Finite elements analysis (FEA), Least-squares twin,
Hybrid feature selection, 2D Continuous Wavelet Transform (CWT),
Kullback—Leibler divergence, Failure mode and effects analysis (FMEA)
Knowledge cluster: Prototyping, Questionnaires, Expert interviews.
Software:

Modelling: Autodesk Revit, Autodesk Dynamo; FM: Computer Aided
FM software, SmartLab, Microsoft Excel

Hardware:

Unmanned aerial vehicles (UAVs) (DJI Phantom 4 RTK et al.), Robot,
Scanner, DSLR cameras, Camera (Nikon D810 et al.), Sensor systems
(Ultrasonic sensor, PixHawk autopilot, PX4 flow sensor, [oT sensors)

SHM

Algorithm/Methodology:

ML cluster: ML tools, Advanced CV-based method, VAR, Vector error
correction model (VECM), ARMA model, PCA

Measurement cluster: Advanced LiDAR-based method, Strain-based
displacement estimation; 3D eddy current pulsed thermography, 3D
fusion and visualisation method, X-ray CT, Deconvolution interferometry
using ambient vibration, Ambient noise inter geometry, Weibull or log-
normal for varying rates

Numerical cluster: FEM, Polyreference least squares complex frequency
domain method (p-LSCF), Covariance driven SSI method (SSI-COV),
Pruned exact linear time (PELT) method, Differential time-square-root
Knowledge cluster: Granger causality

Software:

Programming: MATLAB, C++; Modelling: David 3D system, Point
cloud library; Data Management: SPSS, Distributed database, InfluxDB,
JSON-LD; SHM: MOVA, MOSS

Hardware:

Dual-camera system, LiDAR system, 3D eddy current pulsed
thermography system (Induction Heater, Signal Generator, Infrared
Camera, 3D Scanner, Induction Coil, Rail Track Sample), 6 Degree-of-
Freedom (DoF) system-in-package LSM6DSL device, Sensor system (ST
Microelectronics, low-power MCU; GPS, Pressure sensor, IMU,
Accelerometer, Strain gauge, Linear variable differential transformer,
MEMS-based IMU, Sensor Area Network (SAN) bus)
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Algorithm/Methodology:
ML cluster: Data analytics algorithms, Textual classification algorithm,
Data mining algorithm, Term frequency, Term frequency-inverse
document frequency), Frequent itemset analysis, Frequent itemset
analysis + sliding window, RF, Hierarchical RF
Numerical cluster: Monte-Carlo simulation
Labour Decision support cluster: Quantitative decision-making models,
management Software:
Modelling: Autodesk Revit, Autodesk Architecture; Programming:
Visual Studio, JAVA IDE, HTML, JavaScript, C#; Data management:
SQL Server; Geographic information: GIS, ArcMap, ESRI Shapefile,
GeoJSON; Space safety monitoring: CoSMoS
Hardware:
TolesB mote platform, Digital sensor-based networks

Manpower

4.4.1 Hard Ms

1) Machine:

Machinery maintenance accounts for over 40% of all studies, and it can be categorised
into building facilities and construction machines. The PdM research on building
facilities covers a wide range of systems, while the study of construction machinery is
constrained to particular types. Additionally, the number of documents under each type
of construction machine is fewer, while building facilities-related studies are more
intensive. PdAM for the HVAC system is a highly sought-after field, accounting for more
than half of the publications in machine aspects. One explanation for this discrepancy
is the complexity of construction machinery and the challenging operating
environment, both of which significantly increase the difficulties associated with the
implementation of PdM. Future research should potentially draw upon the PdM
knowledge gained from studies on building facilities like HVAC systems and extend
them to additional assets, thereby further strengthening the comprehensive of PdM in

the B&C industry at machine aspects.

2) Material:

Material-related research occupies nearly one-third of the focus for PAM within the
B&C sector, which contains different building structures made up of various materials.
The scope of the considered structure covers various components from roof to facades
as well as elements like slabs, beams, columns, etc. For material types, PdAM for
masonry, metallic frame, concrete, and ceramic elements have been implemented. It is
noteworthy that some research has proposed unified methods that can be applied to

multiple targets. For instance, [297] proposed a novel deficiency and deterioration
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prediction method that employs snapshot data for 12 different building elements,
covering both material and machine aspects. Apart from building structures, some
MEP-related materials like steel wire ropes, cables, and sewer pipe systems have also
been explored, which play a significant role in the maintenance of B&C projects. In
general, the application of PdM is extensive and average without obvious partiality at

the material level.

3) Milieu:

Approximately 29% of the literature in the field is dedicated to research on Milieu-
related topics, and it can be classified into building and community levels according to
the scope of maintenance implementation. The building level refers to a single building,
such as a hospital or bridge, while the community level represents multiple buildings.
The scope of the building level includes buildings with various structures and functions,
such as common residential or office buildings, timber constructions, heritage
buildings, and healthcare facilities. The community level is relatively complex and can
range from penetration docks to offshore wind farms, oil and gas fields, and even smart
cities, which typically encompass a diversity of building combinations with varying
functions and types. Though maintenance efforts at the milieu level primarily
concentrate on key indicators for the main functional aspects of the target environment,
they still result in a substantial improvement of the milieu performance and cast light

on facility-level maintenance in the B&C industry.

4.4.2 Soft Ms

1) Method:

The method accounts for the majority of methodology, contributing most of the
functions and services for PAM and supporting a wide range of maintenance aspects,
from machine, material, and milieu within the B&C industry. This category
encompasses not only micro-level techniques such as fault identification, fault
prognosis, and degradation analysis but also macro-level functions, including strategies

optimisation, lifecycle management, and asset management.

Fault identification involves malfunction detection and fault type determination, which

are the most popular subjects among Method-related publications. The application is
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primarily in the machine field, with only limited studies focusing on Milieu's concerns
regarding individual building and bridge systems. In terms of technical realisation, ML
techniques such as decision trees, RF, and ANN are extensively used, while some
numerical algorithms are employed for feature extraction. The implementation of these
algorithms is dependent on the extensive data acquired from the scanner system, sensor
network, and other support information providers like GIS. A variety of programming,
modelling, and data management software is adopted to support this process. Fault
prognosis is the prediction of potential failures in a system or component through an
analysis of its current and historical performance, which represents a more advanced
and intricate capability. The application is mainly concentrated in the Machine field,
and the number of studies is limited. The technical support requirements of fault
prognosis and fault identification are quite similar, with the main difference being that
the prognosis algorithm pays more attention to regression instead of classification
models. Degradation analysis refers to the process of analysing the gradual decline or
reduction in the performance of a system over time. The application of this method is
evenly distributed in each M aspect. The predominant tools employed for degradation
analysis are numerical models, such as MCMC-related models, while the application
of ML algorithms is relatively limited. The use of fuzzy logic is frequently mentioned
and applied in this area, with MATLAB and its fuzzy logic toolbox being the primary
development software over other popular coding languages. The highlighted hardware
of robot-related devices plays a crucial role in enhancing the efficiency and diversity of

data collection beyond the conventional sensor system.

Strategic optimisation refers to the decision-making process for the achievement of the
desired outcome with the optimal and efficient utilisation of resources, which typically
contains cost-effectiveness improvement and schedule optimisation. This is the second
most prevalent direction in the Method aspect, with a majority application in the Milieu
area. The solution achievement utilises a diverse array of algorithms and techniques,
encompassing ML clustering, numerical clustering, decision support clustering, and
knowledge clustering. This is because strategic optimisation contains a wide range of
problems, and each requires a unique approach. As for the developing process, such
research projects can be efficiently handled through the common programming
languages, complemented by data management and 3D modelling software, while

investigators seldom highlight the hardware requirements necessary for this stage.
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Lifecycle management pertains to the systematic and structured method for managing
and enhancing the full life cycle of a product, service, or system. The focus is primarily
directed towards Material aspects to prolong the lifespan of building structures and
materials. The algorithm primarily originates from the fields of ML and numerical
analysis. Decision support techniques such as multi-criteria analysis have also been
applied by some researchers. Nevertheless, the software and hardware requirements
associated with lifecycle management are not emphasised in detail in the available
literature. Asset management is the process of acquiring, maintaining, and disposing of
assets systematically and cost-effectively. The prerequisite for realising asset
management is usually torealise asset monitoring and assessment. Research in this area
primarily focuses on the Machine and Milieu aspects, with limited attention to the
Material area. Tools and techniques share similarities with strategy optimisation, with

a special emphasis on the sensor systems utilised in the hardware.

2) Measurement:

Although the second highest number of research studies within the Soft M pertains to
Measurement, only 9% of studies adopted related methods. The functions and services
within this realm encompass defect detection and SHM. Defect detection in the B&C
industry mainly refers to the process of identifying common defects, including cracks,
holes, discolouration, stains, and warping of materials. In addition to conventional ML
methods, numerical methods such as FEA have been adopted by many researchers in
this area, although they serve more as a supplementary and supportive role to ML.
Knowledge-based methods like questionnaires and expert interviews are also used to
establish and label training sets. The utilisation of UAVs, robots, and scanners is
prominently emphasised in the hardware requirements for data collection, constituting
a significant difference from the method approach, which mainly relies on sensor
systems. SHM refers to the process of continuously monitoring the structural integrity
and performance of a building, bridge, or other civil structure. SHM and defect
detection share many similarities in tool requirements and algorithm selection, while
SHM has a broader application scope that covers both Material and Milieu domains. It
is noteworthy that the application of Measurement methodologies in Machine aspects
remains an under-explored area. The reason is that PdAM for Machine aspects is mainly
accomplished through the monitoring of mechanical and electrical parameters rather

than the measurement of indirect parameters such as external surfaces or working
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environment. The exploration of leveraging Measurement-related knowledge to
enhance or streamline the PdAM implementation on the Machine side merits the attention

of future researchers.

3) Manpower:

Research related to Manpower solutions is the least prevalent, with only three articles
accounting for a mere 2% of all research. These studies are classified within the
category of labour management and are solely focused on Milieu aspects. The primary
objective of labour management is to minimise labour costs and streamline manual
decision-making during maintenance operations, which is achieved through the
implementation of a visualised and intelligent task assignment system. Additionally,
worker safety management during maintenance is also considered, and it is achieved
through the integration of sensor systems and BIM technology. The development of
these systems utilises algorithms from ML, numerical analysis, and decision support
fields and is assisted by common modelling, programming, and data management
software, as well as sensor systems. Although numerous studies examine PdM from a
strategic perspective, including maintenance schedule optimisation, they have a narrow
focus on the potential economic and efficiency influence of advanced technologies or
equipment. Current research overlooks the critical role of human factors in PdAM, which
is a highly under-explored area. Future research endeavours must integrate manpower-

driven approaches into the implementation of PdM.

4.5 Discussion

According to the review and analysis of recent PdM research in the B&C industry, the

existing challenges and future directions were further discussed in this section.

4.5.1 Existing Challenges and Gaps

PdM-related studies in the B&C industry have attracted increasing attention since 2018.
The PdM exploration in the B&C industry is less than a decade due to the lag in the
adoption of advanced technology within the B&C area. In general, many PdM studies
originate from the perspectives of manufacturing, materials science, and even

sociology, such as lift systems, wall surfaces, and economic analysis. Therefore, these
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approaches often overlook the unique characteristics of the B&C industry and present
challenges in integrating comprehensive PdM solutions for this industry. For technical
support, advanced predictive analytics remains a challenge due to the stringent data and
algorithm requirements. Most articles are limited to asset monitoring and management.
Specifically, research on fault prognosis is much less than fault detection, and failure
prediction should consider not only failure time but also the type and severity of the
failure, which is not widely addressed in the current stage. For methodology adoption,
current solutions are always designed from Method or Measurement perspectives,
ignoring Manpower-related solutions, such as task assignment, worker training, and
safety management during maintenance. Additionally, the B&C industry encompasses
different life stages with varying characteristics and requirements, yet current studies
primarily focus on the O&M phase, neglecting the potential benefits of considering

maintenance from the early stages, such as the design stage.

4.5.2 Implications for Future Research and Practice

DT enables PdM in the B&C industry.

The scient metric analysis of keywordsin Section 4.3 reveals a trend of integration with
DT technology in existing studies. This is because PAM and DT share numerous
commonalities in the technical foundation and user requirements, including real-time
bi-directional information transmission and virtual model creation. Combining DT-
related technologies and methodologies will significantly advance the development of
PdM in the B&C industry. To clarify the trend and sort out the evolution of PdM, the

author named the clusters in Table 9 and Figure 11 according to the field of keywords.

1) Physical-numerical PdM (red):

The keywords in this cluster mainly concentrate on the fields of deterioration
modelling, condition-based maintenance, and strategies analysis, whose methods are
mainly derived from numerical and decision support, such as Monte Carlo and MCDM.
Though these methods do not have an overreliance on massive data and intelligent
algorithms, they necessitate high levels of background information and professional
knowledge about the maintenance target. This renders these solutions deficient in terms

of scalability and generalizability.
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2) Physical-intelligent PdM (green):

Detection and forecasting-related services have become the focus of this cluster, with a
substantial number of keywords related to ML for technical support. Enabling
techniques under the ML and Industry 4.0 umbrella have been valued and utilised to
improve the performance of PdM solutions. This category reduces the reliance on
professional skills and knowledge, though it imposes certain demands for data
acquisition. Critically, the prediction or detection algorithms from different
maintenance domain processes are interoperable and universal, which can effectively

promote the research of PdM.

3) Virtual-intelligent PdM (blue):

BIM and AI have emerged as the core technologies within this cluster, and their
application has elevated to decision support, condition assessment, and information
management. As the level of intelligence is further advanced, visualisation and
modelling techniques are also integrated, leading to the introduction of 'virtual' in the
cluster name. Research in this cluster further enhances the accessibility and operability
of maintenance tasks. The clear depiction of the principle and structure of the
maintenance target in the model reduces the demands for specialised knowledge and
skills. However, it significantly increases the requirements for data collection due to

the model establishment of the model.

4) Virtual-physical PdM (yellow):

Advanced FM and performance assessment can be achieved through continuous
information exchange utilising reliable channels like DT and [oT. Data mining has also
been applied to deal with massive datarequirements. This type of maintenance requires
a large amount of data support, including both target-related operating parameters and
environment-related data like temperature. Then, with the aid of automation and
robotics, the maintenance process may become as streamlined as a mouse-click
operation. The implementation of these techniques will strongly improve the

effectiveness of maintenance and significantly increase the cost-efficiency of assets.

This analysis is not only dependent on a systematic literature review but also inspired

by the model-based and data-driven distinguishment [272], which is currently the
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mainstream classification method for PdM research. The above analysis highlights that

DT-enabled PdM will be an important direction in the future of the B&C field.

Future studies will promote PdM in the B&C industry.

According to the Three-by-Three analyses, a comprehensive overview of the
implementation of the PdAM in the B&C industry is presented. The future study refers
to aspects within Six M that have not been fully considered or addressed in the process,
which results in inefficiencies or other problems. Discussions on such M, including
Milieu, Measure, and Manpower, as well as recommendations, are provided to offer

guidance for future research.

In terms of application, Milieu is the most neglected direction at present despite being
the best representation of the characteristics of the B&C industry during maintenance.
The derivation of the Machine and Material aspects from research in manufacturing and
materials science has resulted in a higher level of technological accumulation and
inheritance of knowledge from the parent industry. In contrast, research on the Milieu
aspect is often specifically designed for B&C projects, with a focus on the civil
environment, such as buildings and bridges. The Milieu-related research considers the
characteristics and lifecycle perspective in construction projects, which is more
conducive to enriching the Six M overview and promoting the development of PdM in

the B&C field. It deserves the attention of future researchers.

With regards to methodology, Measurement and Manpower-related approaches have
huge potential for improvement. The current implementation of PdM relies heavily on
professional knowledge and operating parameters like voltage and current. However, it
is challenging to implement PdM through the measurement of indirect factors such as
photographs, scans, and ambient temperature. In practice, the unexpected maintenance
task is the result of both internal and external factors. Thus, it is worth investigating the
development of PAM methods that utilise indirect information from a Measurement
perspective. In addition, Manpower’s role is even more neglected in current research.
Despite the capability of current solutions to generate maintenance plans partially or
fully automatically, most actual maintenance operations are still performed manually.

As a result, the role played by Manpower is crucial and requires further consideration,
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particularly in terms of workload optimisation, workforce training, and safety

administration during maintenance operations.

4.5.3 Remark

The functionality and applicability of PdM deployments are obvious in different
industries ranging from manufacturing to construction, along with the development of
the data-driven method. With growing awareness of PAM implementation in the B&C
area, there is a need to gain a deeper understanding of its overview of the application,
methodology, research trends and gaps. Based on the review of 122 articles over the
past five years related to PdAM in the B&C industry and another 11 supplementary
documents to enhance interpretability, keywords mapping and analyses have been
conducted through VOSviewer and clusters are identified as Physical-numerical PdM,
Physical-intelligent PdM, Virtual-intelligent PdM, and Virtual-physical PdM according
to their embodiment in function and method. Additionally, to further investigate the
role of PdM in the B&C industry as well as provide more valuable insights into the
current state, Ishikawa’s diagram invented for quality engineering is adapted into the
Six M approach with Three-by-Three-Matrix form for in-depth analysis. Comprising
critical aspects for achieving perfect project implementations, Machine, Material,
Milieu from an application perspective and Method, Measurement, and Manpower
from a methodology perspective. To our knowledge, this is the first review of PdM in
the B&C industry. By critically evaluating the existing literature, the author hopes it
will serve as a foundation reference and provide valuable insights for future practice

and research in this field.

The results of keyword analyses indicate that PdM implementation in the B&C industry
should be integrated with the DT perspective and leverage related enabling technologies
and methodologies to improve solution performance and scalability. Adaptable and
reused PdM solutions contribute significantly to the improvement of its promotion and
cost efficiency. Besides, underestimated aspects of implementation and methodology
identified by the Six M method should be enhanced in future practice and research to
improve the comprehensive reference model. The limitation of this study is the
extraction of bibliometric data and literature publications only from academic

publications. Integrating practical and commercial works may generate more novel
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insights and results. Future studies may gather information from the mentioned entities

to enhance the analysis and attain more comprehensive and knowledgeable findings.
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Chapter 5 A Semi-GAN-based Failure Prediction
Approach for Building Facilities

The rapid growth of ICT and Al promotes the proactive paradigm shift of maintenance
practices in the building industry, with the DT serving as the foundation framework to
enhance data transferability and interoperability. This chapter introduces an innovative
unified PdM framework rooted in the DT perspective for the building industry. This
framework overcomes the constraints associated with previous facility-specific
approaches, emphasising generality and scalability as core principles. Within this
framework, a cutting-edge failure prediction methodology utilising Semi-supervised
GAN emerges as a breakthrough, which leverages labelled and unlabelled datasources,
addressing the challenges posed by the scarcity and costliness of labelled datasets.
Additionally, a dedicated online platform has been developed to facilitate monitoring
and prediction of information presentation. Experimental results showcased within this
chapter underscore the effectiveness and superiority of the proposed method, as
validated through extensive testing on public building facility datasets. This chapter
comprehensively explores these transformative developments in the maintenance
practices of building facilities, shedding light on the future potential of data-driven

approaches to enhance operational efficiency and reliability.

5.1 Machine-Perspective PdM Implementation in

Building Industry

The Three-by-Three M method introduced in Chapter 4 provides a systematic
framework for developing industrial solutions and academic pursuits. The '"Machine'
dimension is associated with critical building facilities like lifting systems, air
conditioning units, and other related electromechanical equipment for the PdM-
enhanced buildings domain. The PdM methodologies applied to such facilities are
currently anchored in model-based paradigms. This requires extensive domain-specific
expertise on the various facilities under consideration. However, there is an observable
trajectory towards more innovative methods, where data-driven techniques are

beginning to take precedence. This progression signifies a departure from conventional
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practices and holds the potential to refine PdM strategies substantially. The integration
of big data analytics, ML algorithms, and DT into PdM systems can lead to enhanced
predictive accuracy, optimised maintenance schedules, and, ultimately, the facilitation
of more durable and efficient FM. Such advancement is pivotal for fostering
sustainability and resilience in building operations, aligning with the evolving

exigencies of modern infrastructure maintenance.

5.2 Research Requirement and Summary

PdM is a complex data-driven strategy aiming to monitor the condition states and
forecast the failure events of target assets, which heavily dependson vast real-time data

and necessitates meticulous and exhaustive data labelling procedures.

The advancement of ICT and FM systems has significantly strengthened the data
supplement, while the labelling task demands domain expertise and professional
knowledge of target assets. Therefore, diminishing the reliance on labelled datasets of
PdM solutions can greatly reduce maintenance costs and improve algorithm efficiency.
Motivated by this, the author proposes a Semi-supervised failure prediction method for
pivotal building facilities such as air conditioning systems and elevators based on the
Semi-supervised GAN approach, which can also be embedded in the DT structure as
the decision support component. The developed approach can extract the distribution
and structural knowledge inherent in unlabelled datasets and then integrate them with

the limited labelled dataset to complete the task.

5.3 DT-enabled PdM Framework in Building Industry

Despite the efforts made by some researchers, most existing PdM frameworks
concentrate on individual building facilities like HVAC systems or elevators. There is
a lack of a unified framework available that comprehensively elucidates the
establishment of PdM within the building industry. Through leveraging previously
featured layered DT hierarchies in the building industry [259], as shown in Figure 14,
a 3-layer PdM architecture from a DT perspective has been proposed to promote the

implementation of DT-enabled PdM service in the building industry.
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Starting with the cyber-physical layer, building facilities like HV AC or lighting systems
and the building environment from the physical side are digitalised through a systematic
approach to a virtual space, emphasising real-time and bi-directional data exchange.
Adhering to established public communication protocols, such as diverse
communication technologies (e.g.Wi-Fi, 4G/5G, Bluetooth, Zigbee) and the OSI
standard, the monitoring of status and operation can provide amplified benefits to
stakeholders regarding PdM service. Also, advice and instructions can be provided to
the physical side under user supervision. The selection of the simulation model should
be dependent on the maintenance target and task specification, with the BIM model
typically assuming the role of an integration platform. The information associated with
facilities and surroundings should be visualised and seamlessly integrated utilising

BIM, which is an important feature of PAM in the building industry [106].
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Figure 14. A unified framework of DT-enabled PdM in the building industry

Subsequently, the intelligent layer comprises the processes of data processing and
model development. Typically, data processing is responsible for ensuring data quality
and suitability for input into the model, as raw data collected from practical field

operations often suffer from redundancies and inaccuracies due to irregular operations
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and harsh environments. After data processing, suitable data are stored for further
model development. Structured and semi-structured data can be stored and managed in
a distributed database system, while structured query language and Hadoop distributed
file systems can serve non-structured data [363]. Following that, model selection is
conducted to facilitate data analytics and decision support in accordance with
stakeholder or project requirements. Common model categories encompass
classification, clustering, regression, and prediction models, which are tailored to

specific data-driven PdM services.

The knowledge derived from the intelligent layer is refined to provide valuable insights
to end-users, while the functional layer identifies the core categories of PAM services
as highlighted in existing studies. Condition monitoring, failure prediction, and
schedule optimisation can be perceived as progressive stages in the evolution of PdAM
services, wherein the demand for data and algorithms intensifies as these services are
upgraded. Condition monitoring and failure prediction mainly rely on operational data
from the facilities, whereas schedule optimisation requires careful consideration of
maintenance records. In comparison to state monitoring, failure prediction imposes

heightened algorithmic requirements, emphasising the need for further enhancements.

5.4 GAN

The initial proposal of the GAN concept can be attributed to Goodfellow et al. [364] in
2014, representing a powerful unsupervised ML technique that enables the generation
of synthetic data samples exhibiting a structure and distribution that closely resemble
those of the authentic training dataset. As shown in Figure 15, the standard GAN
contains two neural networks: the Generator and Discriminator. The Generator aims to
create indiscernible synthetic samples from actual samples, while the Discriminator
aims to distinguish betweenreal and generated samples accurately. The Generator takes
random noise as input, often in the vector form containing random values drawn from
a specific probability distribution (e.g., Gaussian distribution), which proceeds to
produce synthetic dataas the output. Typically, the Generator encompasses one or more
hidden layers composed of neurons to process the random noise input and transform it

into data meant to resemble real data. The Discriminator takes real data from practical
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datasets and synthetic data as input, which are usually vectors containing values of
different properties, and then utilises hidden layers to produce a binary output to
evaluate the authenticity of the input. The objective function of the Generator and

Discriminator can be expressed as mGin V(G,D) and max V (G, D), respectively, where

G refers to the Generator while D denotes the Discriminator, V represents the value

function that measures the difference between the generated and real samples.
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Figure 15. Schematic of the GAN approach

5.5 Semi-supervised GAN

According to Salimans et al. [365], the conventional GAN approach can be adapted into
a semi-supervised learning method, allowing for the utilisation of both labelled and
unlabelled datasets during the Discriminator's learning process. The Semi-supervised
GAN is also composed of two networks: The Generator and the transformed
Discriminator, which now acts as a Classifier. The input and output of the generator are
the same as those of the standard GAN, while the main difference is between the
discriminator and classifier. The input of the Classifier contains the synthetic data
generated from the Generator, the unlabelled and labelled dataset acquired from the real
field experiments. Specifically, the unlabelled dataset consists of vectors containing
monitoring feature values without any failure or normal label, while the labelled dataset
includes all of them. Unlike the binary discrimination task in standard GANSs, the
Classifier in Semi-supervised GAN performs multiclass classification, as it needs to not
only determine the real or fake class of the input data sample but also assign it to the

appropriate class in the output layer. Figure 16 shows the structure of the Semi-
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supervised GAN, while Table 13 illustrates the loss function and parameter update rules

of the approach.
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Figure 16. Schematic of Semi-supervised GAN approach
Table 13. Loss function and parameter update
Classifier Generator
Ligbetiea = _le E:le log(Pc(y = t(l)lx?))) @
Loss function Luniavenea = —mLZ:Z'; log(1— Pc(y = NIx?)) @ L= _mszim:{ log(1—Pc(y=NIG(W®))) (2
Liake = —mLfZZ{ log(Pc(y = NIG(¥))) €
Parameter 84 = 64— Vo, L(i = labeled, unlabeled, fake) ~ (4) 6, =6, —nV, L, (6)
update Z

For the above equations, p.(y = ¢;|x) stands forthe probability of x belongs to class i accordingto the Classifier. G refers to the
Generator,and D denotes the Discriminator. mindicates the number oftraining samples in the dataset. L represents the loss function

for different datasets, 8 denotes the weight parameters of the neural network, 7 is the learning rate, V is the gradient of the loss

function. y refers to the predicted result. x( refers to the i labelled data, x2 is the i unlabelled data, v is the i random

noise vector, and the t(® represents the label of i labelled data, t© € [0,1,2].

Below are three kinds of data samples and their target output of the Semi-supervised
GAN approach (Table 14).

1) Labelled data:
The classifier should assign the labelled data sample to the corresponding class within

the “real class”.

2) Unlabelled data:
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The classifier should judge the unlabelled data sample as the “real class” and do not

need to determine which class this data sample should belong to.

3) Generated data:

The Classifier should judge the generated data sample as a “fake class”.

Table 14. Example of data sample classification

Real class Fakeclass
Normal Failure Fake
Normal samples 1 0 0
Failure samples 0 1 0
Unlabelled samples ~ 0/1 0/1 0
Fake samples 0 0 1

The Semi-supervised GAN can utilise labelled and unlabeled data samples. The
labelled dataset can be utilised by the Classifier directly, while the unlabelled dataset is
utilised during the adversarial training process [366]. The Generator aims to generate
fake samples similar to the unlabelled dataset, which means it can capture the implicit
characteristics of the unlabeled dataset. The interplay between the Generator and the
Classifier within the Semi-supervised GAN framework allows for the effective
utilisation of both labelled and unlabeled data, leading to improved accuracy and
performance of the Classifier. The input samples for the Classifier contain labelled,

unlabeled, and fake data samples, while the input for the Generator is random noise.

5.6 Proposed Failure Prediction Method

This section presents the proposed methodology, including data processing, details of

training, and the implementation framework.

5.6.1 Data Processing

Data processing is a fundamental and indispensable step in preparing the input data for
successful deep-learning training, necessitated by anomalous data within the initial
dataset, including instances of missing dataand outliers. Additional techniques, such as

standardisation and format conversion, are also applied to ensure the input data's
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compatibility and reliability. The proper data processing significantly impacts the
training outcomes, as the deep learning model heavily relies on appropriate and well-
prepared input. The following steps have been implemented to effectively process the

data according to the specific requirements of this research.

1) Data cleaning: Data samples containing missing values and irrelevant features are
eliminated from the dataset. Removing samples with missing values ensures that the
subsequent analysis is performed on complete and reliable data. Likewise, excluding
irrelevant features helps streamline the dataset by focusing only on the most pertinent

and informative variables for the given analysis.

2) Standardisation: Standardisation applies conversion routines to transform data into a
favoured and uniform format using standard and custom business regulations. For the
numerical features, the standardisation process begins by identifying the maximum and
minimum values within the column. Then, calculate the standardised value for each
datasample through the following equation, where x; denotesthe datasample from the

original dataset while y; represents the corresponding standardised data sample.

_ 2(q- min {x])) 1 7
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3) RUL calculation: The calculation of RUL is critical to failure prediction, representing
the time remaining before failure occurs for each data sample. The process begins by
identifying the faulty data samples within the dataset. Subsequently, the time to failure
is computed for each normal data sample by subtracting the timestamp of the most
recent faulty sample from the corresponding normal sample's timestamp. The equation
for calculating the time-to-failure value for each normal data sample is as follows,

where the T refers to the value of the timestamp column.

T

rul —

Tnormal - Tf ailure (8)

4) Label generation: The dataset aggregates the sensor data on a specific time interval,
extracting a list of potentially indicative features to form one data sample. Based on the

machine status records, RUL, and warning period, labels are assigned to each data
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sample, which serves as the target value we aim to predict. Label 1 indicates that an
alarm should be triggered due to the potential failure within the warning period, while

label 0 signifies that the machine is expected to continue operating normally.

5.6.2 Details of Training

Data collection
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Figure 17.Sample of Semi-supervised GAN training

This section provides an in-depth overview of the model training process. Following
the data processing steps, the problem of failure prediction is transformed into a
classification problem that can be tackled using various existing ML algorithms. Figure
17 illustrates the structure and workflow of the proposed Semi-supervised GAN
method. The trained Classifier serves as the failure prediction model during online
deployment. The model training in this study is carried out using Python 3.8 within the
Visual Studio Code environment. Detailed information on the proposed Semi-

supervised GAN for failure prediction is presented below:

1) Hyperparameters settings.
The process of hyperparameter tuning is carried out in a systematic manner to ensure

optimal performance of the proposed model, which consists of Generator and Classifier
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networks. For the Classifier, the number of neurons in the input layer should be equal
to the number of feature columns present in the dataset, while that of the output layer
should match the number of classes. The Generator aims to generate the fake samples
using random noise as input. Hence, the number of neurons for the output layer and the
size of the random noise vector should align with the number of feature columns. Now,

there are 3 classes of output (fake, normal, fault) and 5 different features in our study.

A neural network with more hidden neurons can represent more intricate patterns. The
structure and distribution of the open-source dataset are relatively simple, making it
more favourable toutilise a straightforward design for both the Generator and Classifier
networks. Besides, the authors also discovered that employing a more complex
Generator led to improved performance of the Classifier compared to utilising a simpler
structure. This observation may be attributed to the fact that the fake data samples
synthesised by a sophisticated Generator manifest a greater similarity to authentic data
samples. This compels the Classifier to augment its capacity to learn the implied and
structural knowledge of real samples (unlabelled dataset). Consequently, the Classifier
becomes more adept at accurately distinguishing between real and fake data samples.
Therefore, the experiment employed a Classifier network with a smaller number of
neurons in the hidden layer, while the Generator network was relatively more complex

in harnessing the above benefits.

The hyperparameter scopes of systematic experiments are shown in Table 15. The
number of hidden layers is explored from 1 to 3 for both Generator and Classifier, while
the number of neurons is also tested from 10 to 40. Different combinations of the
number of neurons and layers are also explored in systematic experiments. According
to the experiment results, the size of the generator network is chosen as (5, 40, 40, 5),
and the size of the classifier is (5, 20, 10, 3). For the training process, the iteration
number is set to 600, indicating the number of times the algorithm updates the model
parameters using mini-batches of data. Additionally, the size of the minibatch is set to
120, specifying the number of data samples utilised in each iteration for updating the
model's parameters. These hyperparameter settings are chosen to strike a balance
between computational efficiency and model performance in the training of the Semi-

supervised GAN model.
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Table 15. Hyperparameters tuning

Hyperparameters Range
Number of hidden layers 1,2,3
Number of neurons in the hidden layer 10, 20, 40
Epoch number 100, 300, 600, 1000
Leamning rate 0.001, 0.01, 0.1
Batch size 12, 60, 120, 240

2) Optimisation algorithm.

Gradient descent is one of the most popular algorithms for optimising and, by far, the
most common way to optimise neural networks. The stochastic gradient descent (SGD)
technique is utilised in the model training and chosen for its favourable properties in

achieving better local minima and convergence behaviour. It is a method to minimise

an objective function J(8) parameterised by a model’s parameters 6 by updating the
parameters in the opposite direction of the gradient of the objective function V,/ (6) to

the parameters. The learning rate n determines the size of the steps we take to reach a

minimum.

SGD performs a parameter update for each training example x® and y®. SGD
eliminated redundancy by performing one updateat a time so this method usually faster

and can be utilised online.
8= 60— neVy/(0) (10)

The SGD technique is adopted to train the Semi-GAN because of better local minima
and converge situations. In this study, the iteration number is set as 600, and the
minibatch size is set as 120. Coding is as follows:
optimizerD = torch.optim.SGDnetD.parameters(), Ir=0.01, momentum=0.0,
nesterov=False)

optimizerG = torch.optim.SGD (netG.parameters(), Ir=0.01, momentum=0.0,nesterov=False)

3) Dropout approach.

To mitigate the overfitting issue during network training, the dropout approach [367] is
employed. This technique involves randomly omitting a specified proportion of
neurons during the training process. Consequently, these selected neurons are excluded
from contributing to the parameter updates, thereby enhancing the model's

generalisation capability. In this study, a dropout parameter of 0.2 is set for each layer,
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indicating that 20% of the neurons are randomly dropped out during training to prevent

overfitting and improve the overall performance and robustness of the model.

4) Synthetic data generation for imbalanced dataset

The effectiveness of ML algorithms heavily depends on the availability of a well-
balanced training dataset. However, system malfunctions are far less frequent compared
to normal operating conditions in real-world applications. This disparity leads to a
significant imbalance in the number of data samples collected, with a much smaller
proportion of failure event data compared to normal operation data. Such an imbalance
presents a major challenge for training classifiers, as it can lead to a bias in the model's
predictions, favouring the majority class—often the normal operating condition. This
skewed representation reduces the model's ability to accurately identify and predict the
minority class, in this case, system failures, which are often critical events. As a result,
the classifier may exhibit poor generalisation, failing to detectrare but important failure
instances, thereby diminishing its overall predictive performance and reliability in
practical applications. Addressing this imbalance is crucial to improving the robustness

and accuracy of machine learning models in detecting rare events.

To address this issue, synthetic data is generated specifically for the minority class,
which in this study pertains to faulty data samples. Synthetic data refers to artificially
contrived information created to safeguard privacy, evaluate the robustness of systems,
or establish training sets for the calibration of ML algorithms. In our study, we adopted
a widely used method to generate synthetic data specifically for the fault sample
category. The feature values of the generated samples are obtained by averaging the
corresponding feature values from two adjacent samples. The equation for generating
the feature value of the synthetic fault sample is presented below, where V standards

for the feature values of synthetic and failure data samples.

Vi -V
—_f17f
Ve = % 9)

By creating synthetic data to balance the dataset, the classifier becomes more adept at
accurately predicting both normal and fault conditions, leading to improved overall

performance.
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5.6.3 The Implementation of the Failure Prediction

Framework

A failure prediction framework based on the Semi-supervised GAN has been
introduced in this section, which offers the advantage of not requiring prior knowledge
about specific building facilities, making it a versatile and data-driven approach for
predicting failure times and triggering alarms. By transforming the failure prediction
task into a classification task with target labels, the proposed framework can be readily
applied to various building assets, including HVAC systems and elevators. Figure 18
illustrates the practical application of this proposed paradigm, showcasing its
adaptability and potential for real-world scenarios. The following shows the

implementation steps:

/—‘ Data preparation I—\ /—{ Proposed model }—\
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Figure 18. Proposed failure prediction framework based on Semi-supervised GAN

1) Data collection.

The data collection process involves gathering information from multiple sources,
utilising advanced technologies such as IoT systems and Building Management
Systems (BMS). These systems enable the acquisition of operational data and
maintenance records from various building assets. However, a notable limitation is that

only a small portion of the collected data can be manually labelled by domain experts
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due to the labour-intensive and costly nature of the process. In this study, the dataset is
provided by Microsoft, which is collected from 100 building-related facilities such as
elevators and air-conditioning systems. The operational data, including metrics such as
voltage, rotation, pressure, and vibration, are recorded every hour through the sensor
system, while machine attributes are sourced from equipment manuals, and failure
events are documented from sourced from maintenance records. Figure 19 illustrates

sample data and the corresponding sources.

Time Machine ID Model Age Volt Rotate Pressure Vibration Failure
1/1/2015 6:00 1 3 18 176.2179 418.5041 113.0779 45.08769 Type 4
Data Source Legend: | Sensorsystem | [ Equipment manuals | [ Maintenance record |

Figure 19. Data sample & Corresponding sources

2) Proposed prediction model.

This step involves data processing and model training. The data processing phase
contains three components: preprocessing, synthetic data generation, and time-to-
failure calculation. During the preprocessing, data anomalies and errors are
systematically identified and removed, while missing values are addressed through
imputation techniques. Then, standardisation is utilised to ensure that all variables are
on a consistent scale, which is a crucial prerequisite for effective algorithm
implementation. Subsequently, the synthetic data generation technique is employed to
rectify class imbalance issues, thereby improving the prediction accuracy. Finally, the
time-to-failure calculation is a distinctive and pivotal operation in this model, which
plays a decisive role in the label assignment of the datapoints with the help of a warning
time setting. Specifically, instances with a value less than the predefined warning time
are classified as failure events, whereas those exceeding the threshold are categorised

as normal instances.

Leveraging the suitable and balanced dataset derived from the preceding data
processing phase, the Semi-supervised GAN methodology is utilised to train the
Generator and Classifier networks using both labelled and unlabelled datasets. Within
this framework, the labelled dataset can enhance the Classifier's performance directly
while the unlabelled data is contributed during the adversarial training process. The
Generator aims to generate synthetic samples that closely mimic the distribution and

characteristics of the unlabelled dataset, while the Classifier serves as a discerning
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adversary, striving to distinguish between the real and fake input instances.
Consequently, this collaborative training process enables both the Generator and
Classifier networks to understand the underlying distribution and structure of the
unlabelled dataset. Therefore, the Classifier can deliver more precise predictions of

normal and failure events during the warning period.

Once the training is complete, the Generator network will be disregarded, and the well-
trained Discriminator (Classifier) will be extracted and deployed as the prediction
model for potential failures. The input data previously served as the training dataset
will be replaced by real-time monitoring data, facilitating a transition into real-world

implementation, where the model can make valuable contributions.

3) Online implementation.

An online failure prediction system will be developed on the well-trained classifier
network from step (2). This system operates by taking real-time operating data from the
target system as input and making predictions to determine if an alarm should be
triggered. If the predicted target label indicates a failure (value 1), the system triggers
an alarm, signalling a potential failure event within the warning period. The online
failure prediction system utilises the trained model to monitor the real-time operation
of the target system and deliver timely alerts upon predicting a failure, which facilitates
proactive maintenance and intervention to mitigate potential risks and optimise system

performance.

5.7 Experiment and Validation

This section provides an overview of the critical components of this research, including
the introduction of the employed dataset, the methodology of experiment design, and
the deployment of the online system, which substantiates the efficacy and practicality

of the proposed framework.

5.7.1 Dataset Description

The proposed failure prediction framework based on Semi-supervised GAN is validated

using the open-source dataset: Predictive Maintenance: Exploratory Data Analysis,
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which was collected from 100 facilities between 1st Jan 2015 and 1st Jan 2016. The
experiment relies on the utilisation of the following datasets, from which features and

fault records have been extracted:

1) PAM telemetry.csv: This dataset embodies the hourly averages of metrics such as
voltage, rotation, pressure, and vibration accumulated from 100 machines over the

course of the year 2015.

2) PdM failures.csv: Each entry within this dataset signifies the substitution of a
component due to a failure event. The timestamps in this data are approximated to the

nearest hour, paralleling the hourly data collection in the telemetry data.

3) PdM_Machines.csv: Specific attributes of the machines, specifically their model

type and respective ages.

To replicate a real-world scenario characterised by the limited availability of labelled
data and a vast amount of unlabelled operational data, a deliberate imbalance is
introduced in the training sets. The labels of unlabelled datasets are intentionally d eleted
and treated as unknown. The semi-supervised GAN is trained using both the labelled
and the unlabelled training sets, and the failure prediction model is established on the
obtained classifier network after training, which takes real-time operational data and

generates an alarm.

5.7.2 Experiment Design

To evaluate the efficacy of the proposed method, a comparative analysis involving
several widely utilised algorithms is conducted. Supervised learning algorithms include
Decision Tree (DT), LR, KNN, SVM, RF, and Neural network (NN), and Semi-
supervised learning approaches involving Self-SVM and Self-NN. Self-training is
regarded as the most straightforward Semi-supervised learning technique, and the
specific steps can be found in Table 16. The proposed approach and the two semi-
supervised learning approaches can employ both labelled and unlabelled data sets,

while the six supervised learning methods are exclusively trained using the labelled set
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to develop the failure predictor. The testing set is constant with the balanced class

distribution for each approach to allow for a fair comparison.

Table 16. Schematic of self-training

Algorithm 1 Self-training

1: Initialize:
2: Given Xyrqin) Yeram) = (X, )
3: While stopping criteria are not met do
: Train classifier Cy,, from (X, 41, Verain)
Use C;,; to predict class label y,, of X,
Select confidence sample (Xconf s Yeonf ); (Xwnf,yconf) e (X,,y,)

4

5

6

7 Remove selected unlabelled data X, « X, — X o

8 Combine newly labelled data (X,,qin, Verain) <— X, y1) U (Xconf,ywnf)
9:

end while

A predicted alarm accuracy is introduced to assess the performance of different
approaches, a commonly adopted evaluation metric in this domain. This study aims to
provide an alarm before the warning period, assuming that an alert is activated if the
label of more than half of the data sample within the specified timeframe is predicted
to be I(fault). The prediction accuracy, defined as the ratio of accurately predicted
samples in the testing set to the total number of samples in the testing set, is utilised to

gauge the effectiveness of the methods under consideration.

The experiments in this study are carried out by the following guidelines to increase the

reliability of the findings:

1) Ten different random seeds are used to train the neural network (or other classifiers)
10 times for each scenario. Ten prediction accuracy can be derived after testing set
evaluation. The average of these 10 numbers is the outcome. This objective is intended

to lessen the impact of various initialisations.

2) After 10 iterations of creating various datasets (labelled, unlabelled, validation, and
testing sets), the various methodologies were assessed by using average outcomes. This

objective is intended to lessen the impact of various dataset splits.

3) The grid search methodology was applied in the parameter tuning process of other

comparative approaches to optimise the performance. Notably, the neural network
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method utilises the same structure as the Discriminator of the proposed model. These

settings aim to ensure a fair and meaningful comparison study.

5.7.3 Online Implementation

This section presents the visualisation platform developed using the Streamlit library in
Python, which facilitates the establishment of data-centric web applications, as shown
in Figure 20. It provides a streamlined Application Programming Interface (API) that
empowers developers to efficiently build interactive applications with minimal
frontend expertise. The key advantage of Streamlit lies in its hot reloading capability,
which automatically refreshes the application upon code changes, eliminating the need
for manual intervention. Furthermore, Streamlit enables seamless deployment on
various platforms, including cloud services such as Heroku, AWS, or Azure, as well as
Streamlit Sharing. The current input data of the system is retrieved from CSV files,
while in the future, it can leverage APIs to obtain real-time data and be deployed to the
server. Presently, the system provides real-time sensor information, encompassing
voltage, rotation, pressure, vibration, and warning signals. Analarm value of 0 indicates
normal conditions, while an alarm value of 1 signifies a potential failure within the next
warning period (12 hours in this experiment). Additionally, the system incorporates a
maintenance record page, allowing operators to document fault occurrence time and

fault categories.

109



Settings Predictive Maintenance System

174.51 441.0 117.97 42.06

YYYY-MM-DD HH:MM:SS

Type 1

Submit

1
1
1
1
1
1
1
1
1
1
1
fault Type 1
1
1
1
1
1
1
1
1
1
1

Figure 20. Online platform for PAM

5.8 Result and Discussion

This section presents the experimental results employing various random seeds and

explores the effect of label size and the effect of data imbalance ratio.

5.8.1 Evaluation Metrics

In this study, accuracy is utilised as the primary evaluation metric to assess the
performance of the proposed method and other benchmark models. The dataset used
for model training and testing was collected over a one-year period, with data points
recorded at one-hour intervals. The goal of the study is to develop a predictive model
that can issue an alarm 24 hours before a system failure occurs, providing valuable early
warning to pre-empt critical issues. To achieve this, we define a system alert based on
the following logic: if more than 50% of the data samples from any 24 consecutive
hours are predicted as 1 (indicating a fault), an alert will be activated. This approach
helps reduce false alarms while ensuring that the model provides adequate notice of

impending failures.
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Table 17. True value & Predictive value

True value .. .
Positive Negative
\ Predictive value v S
Positive True Positive (TP)  False Negative (FN)
Negative False Positive (FP)  True Negative (TN)
tp+t
Accuracy = — P (10)
tp+tn+fp+fn

As shown in Table 17 and formula (10), the prediction accuracy metric is calculated as
the ratio of correctly predicted samples in the testing set to the total number of samples
in the testing set. Specifically, if a sample is classified correctly—either as a fault or
non-fault—it is considered accurate. This measure allows us to gauge the overall
effectiveness of the model in distinguishing between normal and fault conditions. In the
context of this study, high accuracy indicates that the model can reliably differentiate
between normal operations and potential failures, thus providing actionable insights for

maintenance teams to address issues proactively.

5.8.2 Comparison Under Different Random Seeds

According to the average testing accuracy of 10 experiments, this section shows a
comparative analysis of the accuracy performances of various algorithms. These
experiments were conducted with the same label datasize (42 days) and dataimbalance
ratio (normal: fault = 1:1), utilising various random seeds. As shown in Figure 21,
incorporating unlabelled data in the training process significantly enhances prediction
accuracy. The proposed method demonstrates a notable improvement in prediction
performance, ranging from 10% to 20% under the specified hyperparameter setting.
Moreover, when comparing SVM with self-SVM and NN with self-NN, it is evident
that the traditional self-training method did not yield enhanced accuracy for this dataset.
The observed performance improvement can be attributed to the capacity of Semi-
supervised GAN to extract knowledge of datadistribution from a substantial number of
unlabelled data samples. Consequently, the classifier becomes better equipped to
predict occurrences of failure. In comparison to other conventional approaches, the

proposed Semi-supervised GAN method exhibits higher accuracy in failure prediction.
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Figure 21. Comparison under different random seeds

5.8.3 Effect of the Labelled Data Size

To further illustrate the effectiveness of the suggested approach, the performance of the
suggested approach is also compared with comparison algorithms across various
labelled data sizes. In this section, the size of the unlabelled training set remains
constant at 250 days, while the size of the labelled dataset is expanded from 7 days to
56 days. From Figure 22, we can observe that the increasing labelled data size can
contribute to the improvement of prediction accuracy for most comparison algorithms.
Figure 22 depicts the rapid increase in accuracy for the proposed method initially,
followed by a tendency to plateau as the size of the labelled dataset increases. The
proposed method demonstrates superior accuracy compared with existing supervised
and semi-supervised algorithms. With 30 days of labelled samples, the suggested
approach achieves an accuracy of nearly 80%, surpassing the approximately 60%
accuracy achieved by existing algorithms. Additionally, this experiment highlights that
though the proposed method reduces dependence on labelled data, the labelled dataset
cannot be excessively small. For this specific dataset, the optimal performance,
considering both accuracy and label cost, of the proposed approach is observed when

the labelled dataset is 21 days.
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Figure 22. Effect of the labelled data size

5.8.4 Effect of the Data Imbalance Ratio

In addition to varying sizes of the labelled dataset, this study also investigates the
performance of the proposed method under different data imbalance ratios. A data
imbalance ratio refers to an uneven distribution of classes, which can lead to biased
predictions by the classifier, particularly for the majority class. Hence, it is crucial to

examine the performance of each technique across different data imbalance ratios.

This section provides a summary of the testing performance for both comparison
approaches and the proposed approach under various data imbalance ratios ranging
from 1/1 to 1/10. The accuracy values are calculated based on the average results
obtained from 10 experiments, employing the same random seed number and labelled
dataset size. Figure 23 illustrates that the performance of all approaches is influenced
by the data imbalance ratio. As the data imbalance ratio increases, all algorithms
eventually exhibit a decline in performance, with predictions tending to random
guesses. It is noteworthy that the proposed algorithm consistently outperforms the
comparison algorithms in most data imbalance ratio scenarios, except for the 1/10
imbalance ratio case for KNN. In that scenario, the accuracy performance of KNN is

found to be 2% higher than that of the proposed method.
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Figure 23. Effect of the data imbalance ratio

5.8.5 Discussion on Adaptability and Scalability

The proposed DT-enabled PdM framework is built upon a data-driven methodology,
making it versatile and easy to apply across various building-related facilities, such as
air conditioning, elevators, lighting systems, etc. As shown in Figure 24, the data-driven
model leverages the vast number of metadata, operation data, and maintenance records
collected from the target system to generate intelligent solutions such as pattem

detection, failure prediction, and schedule optimisation [135].
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Figure 24. Data-driven method

Compared with traditional model-based approaches, adaptability and scalability are
innate advantages brought by the data-driven method. The proposed framework relies
on data support rather than domain rules, which can be applied to a wide range of
systems, regardless of their complexity or operational differences. This flexibility
allows it to continuously learn from new data, improving its predictive accuracy over
time. Besides, the applicability and extensibility of the proposed method are also

explored and supported by the experiment section.
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Section 5.8.1 demonstrates the robustness of the method across different random seed
settings, suggesting that the method can be adapted to diverse operational scenarios
without being overly sensitive to variations in initial conditions. Section 5.8.2 explores
the influence of labelled data size and highlights that the framework can operate
effectively with a limited amount of labelled data, which enhances its scalability by
reducing the dependence on costly and time-consuming manual labelling processes.
Section 5.8.3 further underscores its adaptability, showing that the framework remains
the superior performance of other benchmark models even under imbalanced data
conditions. These three experiments comprehensively explore the common challenges
encountered by solution scalability among various building facilities, particularly the
scarcity of labelled data and the issue of data imbalance. In real-world applications,
labelling monitoring data typically demands specialised engineering expertise, which
is both time-consuming and labour-intensive. Moreover, most datasets collected in
practice consist primarily of normal operational data, with fault samples representing

only a small proportion.

In summary, the data-driven nature of the proposed framework allows it to be highly
adaptable, scalable, and efficient across various facility management systems, offering

a significant advantage over traditional rule-based methods.

5.9 Discussion on Practical Implementation

Although open-source data were utilised in this study, the author also conducted real-

world experiments to explore and assess the potential feasibility of the implementation.

Table 18. System configuration

Unit Description

Central Processing Unit 13the Gen Intel(R) Core (TM) 19-13900HX
Graphics Processing Unit NVIDIA GeForce RTX 4070

Random Access Memory 32GB

Operation System Windows 11

Deep Learning Framework Pytorch 2.0.1

Table 19. Training time comparison (label data size =42 days, data imbalance ratio=1:1)

Model Wall Time CPU Times Total
Proposed Semi-GAN 105 s Imin 4s
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To evaluate the feasibility of the solution deployment, the author examined both the
model's training time and the cost of the sensor system. Table 18 outlines the details of
the implementation environment, showing the hardware configuration information
during the experiment. Pytorch 2.0.1 was also selected as the DL framework during the
model development. Based on the above hardware setup, Table 19 presents the training
time for the proposed Semi-GAN method. The “Wall Time” refers to the total elapsed
duration encompassing all operational phases and pauses, while the “CPU Times Total”
represents the active computational periods utilised by the CPU, highlighting the

efficiency and processing intensity of the training process.

In addition, the sensor system was deployed in a real-world scenario to validate the
proposed framework. As depicted in Figure 25, pressure data were collected and
transmitted to the laptop platform in real time. For the prototype system, existing
laptops can meet the computational requirements, while the primary economic cost
is attributed to the sensor system. To achieve more comprehensive monitoring
capabilities, vibration, voltage, and current sensors would be necessary, as indicated by
the datain the open-source dataset. During actual deployment, datawere collected from
two air conditioning units over a two-month period. However, there was a significant
lack of fault-related information. Furthermore, these sensor devices were highly
susceptible to environmental influences during data collection, leading to considerable
noise in the data. As a result, the final experiment relied on publicly available datasets
for effective model development. It is worth noting that, with advancements in ICT
technologies, many air conditioning and elevator systems are now equipped with
embedded status detection and data collection systems. Access tosuch confidential data
from relevant organisations or companies would greatly enhance the development and

optimisation of the algorithms.
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Component cost per setup V1
Component Cost(S$)

I

Pressure transducer (P1) 39.42 i

Fittings and adapters for P1 20 i

Pressure transducer (P2) 3942 H

Fittings and adapters for P2 20 i

ZMPTI01B (V) 19.88 :

MIKROE-3311 for V 51.8 i

YHDCSCT-0030 (A) 16.32 H

MIKROE-2523 for A 2072 r :

Arduine Uno R3 39.98 E

ESP8266 NodeMCU 13.98 E

Component cost per setup 28153 i
i

Vibration sensor (Hz) optional 24.05 i

Cost per setup with vibration 305.58 i ‘aut‘:‘s";"h
! dnar\yli;

Total cost for 10 setups would be 3055.8 "~

Figure 25. Sensor Deployment Blueprint & Finical Plan

5.10 Remark

The adaptability and scalability of DT solutions have been widely recognised across
various industries, such as aerospace and healthcare. Emphasising the advantages of
employing DT as a platform for PdM in the building industry, this study first developed
a unified three-layer architecture showcasing the PdM implementation from the DT
perspective. A novel failure prediction approach based on semi-supervised GAN has
been proposed for PAM solutions in buildings, which can be embedded in the DT-PdM
framework as the failure prediction service provided in functional layers. The proposed
method leverages both labelled and unlabeled data to enhance prediction accuracy,
outperforming traditional methods by a margin of 10% to 20%, according to the
comparative study. Notably, the proposed approach demonstrates the capability to
achieve acceptable prediction accuracy with a reduced number of labelled datasamples.
This reduction in the required labelled dataset size is made possible by the utilisation
of Semi-supervised GAN, which effectively harnesses the structural and distribution
knowledge embedded within the unlabeled dataset. Furthermore, the experiment
explores the accuracy performance of the proposed method across different labelled
data sizes and data imbalance ratios. Lastly, a web application has been implemented
to present monitoring data and prediction results. The findings highlight the robustness
and adaptability of the proposed technique. In practical PdAM scenarios, where typically
there is a surplus of unlabeled data compared to labelled data, the proposed approach

offers a straightforward implementation process with notable benefits. The previous
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study mainly focuses on improving the prediction accuracy with the definite dataset,
while this research provides a novel perspective to enhance practical implementations
by diminishing the dependency on labelled datasets and maximising the utilisation of
unlabelled datasets. Besides, the DT paradigm is introduced in this study, offering
increased scalability and promising prospects for development. More intelligent
algorithms and advanced functions can be developed and integrated by the DT platform,
thereby improving the PdM solution comprehensively. These shifts promote the study
from accuracy-centric to practicality-driven, and the integration of DT paradigms

underscores the potential for future advancements.

Future studies need to enhance the current failure prediction framework to include the
prediction of multiclass faults of the target asset. The current study only focuses on the
prediction of fault occurrence due to limitations in the available dataset, while the
prediction of failure time and failure types hold significant importance for PdM
solutions. Besides, it is essential to expand the scope of analysis to encompass
concurrent faults that may occur within the system. Multiple and concurrent faults
introduce a greater level of complexity, requiring more sophisticated approaches to
predict and classify them accurately. Addressing these aspects in future studies would
contribute to a more comprehensive and robust failure prediction framework, enabling

more accurate and reliable PAM practices.

118



Chapter 6 A Parallel LSTM-AE Failure

Prediction Approach for Indoor Climate

This chapter introduces the emerging field of PdM within the building industry,
specifically focusing on its extension into indoor climate management. In this chapter,
RUL and TS techniques are employed to partition the prediction problem into
supervised and unsupervised tasks, and a parallel prediction model employing the
LSTM and AE methodologies is developed to enhance the predictive accuracy and
reliability. A practical dataset collected from various buildings in Singapore is
employed for the comparative analysis, which illustrates the effectiveness and
reliability of the proposed model. Furthermore, this chapter presents a DT-enabled PdM
framework customised for indoor climates, which is rigorously validated by creating
an online platform designed to reconstruct 3D building models and offer real-time

monitoring and alert systems for indoor climates.

6.1 Milleu-Perspective PdM Implementation in
Building Industry

Following the Three-by-Three M analysis framework, the ‘Milieu’ pertains to the
residential environment in the context of PAM for the building industry, including [AQ,
lighting management, temperature control, etc. Unlike the ‘Machine’ field, data-driven
approaches have become the normative method for managing milieu-related PdM
because milieu-related targets are governed by straightforward principles and
mechanisms like internationally recognised standards and protocols. Current research
predominantly concentrates on real-time monitoring and anomaly detection within
these environmental parameters. Nevertheless, there is a notable opportunity for
enhancement in predictive functionalities and alert systems. The potential for
improvement in this domain lies in advancing predictive analytics that can proactively
signal potential environmental deviations before they become critical issues.
Furthermore, integrating DT technology is a transformative prospect for the milieu-
focused PAM. A DT system, the virtual replica of the building environment, could

enable a more nuanced and dynamic environmental data interaction, leading to more
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precise maintenance interventions. This convergence of DT technology with predictive
analytics could usher in a new era of PdM, characterised by heightened efficiency,
advanced foresight, and an overarching improvement in building environment

maintenance.

6.2 Research Requirement and Summary

The assessment and enhancement of IAQ have gained prominence and are currently
receiving increased attention within both academic and industry fields because the
indoor environment significantly influences the quality of life and work productivity.
The common supportive technology for IAQ monitoring and maintenance is IoT
systems [368], which also serve as the foundation and supporting technology of the DT
framework. Through the establishment of the visualisation model with bidirectional
information exchange, the DT implementation enhances PdM strategies with improved
interactive capability and optimised planning scheduling. The development of such ICT
contributes a consequent amount of real-time data from different measurements
(temperature, humidity, PM2.5, etc.) that can be utilised to evaluate, predict, and
optimise indoor climate. Also, it promotes a significant transformation in the
maintenance industry from the reactive to predictive paradigm, which represents a more
proactive approach using real-time data acquisition techniques and ML algorithms to

detect and predict failure events for the equipment and the environment [6].

Fault prediction in the PAM domain aims to estimate the probability of future failures
within a defined time frame, which aids in planning maintenance activities and
optimising resource allocation. Predictive tasks usually demand more rigorous data,
sophisticated algorithms, and virtualisation compared to detection, which has led to
fewer studies on failure prediction. Hence, harnessing environmental data with
advanced algorithms and enhanced interaction platforms holds significant potential and
value within the realm of indoor air pollution. In this study, we proposed a paralleled
deep learning model for the failure prediction of IAQ, aiming to enhance the automation
and reliability of PAM in the indoor climate. Besides, an online platform employing

the DT paradigm has been established to facilitate visualisation and interaction.
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6.3 DT-enabled PdM Framework for Indoor Climate

Existing PAM frameworks in the building industry mainly emphasise facilities and
assets, while the consideration of indoor climates holds equal significance during the
holistic PdM strategies execution; thus, it is important to understand the disparities. The
framework for facilities encompasses various physical building-related components
and systems aiming to address equipment maintenance and operational efficiency,
whereas indoor climate pertains to the environmental conditions experienced by
occupants centring on occupant comfort, air quality, and energy consumption. Building
upon established layered DT structures in the building industry [259], a 3-layer PdAM
framework from a DT perspective has been proposed to facilitate the DT-enabled PdM

implementation for the indoor climate, as illustrated in Figure 26 (up left).

Beginning with the physical-virtual layer, physical building environments should be
digitalised through a systematic approach to a virtual space, while indoor environment-
related data are collected through IoT devices. This pioneering step towards
bidirectional data exchange enables smart communications between devices through
the Internet. Unlike the PdM of building facilities, the digitalisation of indoor climate
on the virtual side centres on the building environment rather than the target facilities.
The virtual building serves as the DT platform, and the maintenance and forecast
information is typically displayed through affiliated websites or interfaces. The IoT
concept was proposed by Kevin Ashton [369] in 1999 through the achievement of
automatic radio receivers utilising RFID tags, while the schematic diagram of the [oT
system in this study is shown in Figure 26 (upright). A commercial 0T device named
"kaiterra" is configured and deployed using the WiFi connection to systematically
gather indoor climate-related information and upload it to the cloud dataset, which is
accessible for display on both a dedicated website and a mobile application. For
building virtualisation, our previous research has developed a comprehensive BIM
reconstruction approach for existing buildings without as-design BIM called
"IScan2BIM", and the pipeline is presented in Figure 26 (down). The target building is
scanned to generate the point cloud dataset, and then the BIM model is reconstructed

by the proposed Al engine, while the details of the structure and MEP reconstruction
are introduced in [370] and [325].
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Subsequently, the decision layer comprises two crucial processes: data-related and
model-related. Required parameters and index values are collected by [oT devices, and
then data processing techniques such as data cleaning and data conversion are utilised
to enhance the data quality and generate a suitable dataset for the training process. After
that, model development utilises various ML and statistical methods, such as regression
analysis, time-series forecasting, and neural networks, to create predictive models
tailored to specific tasks. The model is trained on historical data, enabling them to
identify patterns and correlations within the indoor environment. By integrating real-
time dataand failure prediction models in the service layer, the PdAM system can provide
advanced services to stakeholders, including but not limited to failure alerts, proactive
maintenance actions, energy consumption optimisation, and enhanced occupant

comfort, among other benefits.

DT platform offers significant advantages for PdAM in terms of indoor climate. By
creating a virtual replica of the physical building environment, DT technology
facilitates dynamic, real-time monitoring and in-depth analysis of multiple critical air
quality parameters, and this continuous monitoring data streaming allows for proactive
identification of potential issues, leading to more prompt anomaly detection and precise
failure predictions. DT framework also offers the capacity to integrate diverse data
sources, including sensor-generated information, operational metrics, and
environmental variables. This real-time data integration augments the accuracy of
failure prediction models and contributes to a comprehensive understanding of the

intricate interplay of factors affecting indoor climate.

Moreover, with the ability to simulate and model the building's behaviour under
different conditions, DT facilitates the execution of virtual simulations and meticulous
"what-if" scenarios, enabling maintenance teams to assess the impact of different
maintenance strategies and interventions before implementing them in the physical
environment. This pre-emptive analytical prowess plays an instrumental role in the
systematic evaluation of alternative maintenance plans, thereby affording an elevated
level of precision in optimising decision-making processes. These meticulous
assessments significantly improve maintenance procedures, leading to a more efficient

and judicious approach to management and maintenance.
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Furthermore, DT technology facilitates inherent scalability for failure prediction
function by providing a comprehensive view of the asset's situations. The results of
failure prediction are easily integrated with other PdM applications, such as FM, safety
analysis, and emergency management. By providing real-time insights and
simulations, DTs empower organisations to manage complex systems with greater
precision and efficiency. This scalability is especially valuable in large-scale industrial
environments, where many interconnected systems and components need to be

continuously monitored and analysed for potential failures.
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Figure 26.The framework of DT-enabled PAM for IAQ (up left), Prototype of hardware system (up
right), IScan2BIM pipeline (down)

Overall, DT adoption in the PdM domain forindoor climate improved occupant comfort
and well-being, mitigate potential risks and streamlined maintenance operations, thus
contributing to more sustainable and intelligent management of indoor climate

practices.

6.4 LSTM and AE

The principles of LSTM and AE are introduced in this section to provide a well-

structured theoretical foundation for the proposed model.

6.4.1 LSTM
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LSTM 1s a specialised RNN architecture designed to address the challenges of
modelling long-term dependencies in sequential data. LSTM provided the capability of
'memory', enabling them to retain and utilise important information over previous time
intervals, which allowed LSTM to preserve essential context and carry relevant
knowledge through time, making it highly effective in capturing and utilising temporal

patterns in sequences.

As shown in Figure 27, a standard LSTM unit comprises cells and a sophisticated gating
mechanism consisting of forget input and output gates. Unlike traditional RNN, LSTM
has two transfer stats: the cell state and the hidden state. The previous cell state (ct~1)
represents the current long-term memory of the network, which preserves previous
information in sequence while the previous hidden state (h*~1) can be interpreted as
short-term memory, which is the output at a previous time point. The cell state changes
slowly by adding new slices, while the hidden state can be very different at different

positions. Details are as follows, and related equations are listed in Table 20:
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Figure 27. LSTM structure

1) Forget stage: Forget gate (z/), as Eq. (10), is utilised to modify the information from

the previous cell state (c‘™1), storing important information and dropping the useless.
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2) Selective memory stage: Input gate (z*), as Eq. (11), is used to conduct selective
memory for the new information containing the previous hidden state (h*~!) and new
input data (x?), valuable parts are selected and integrated into the cell state. The
extracted information is presented as ct and the process is depicted in Eq. (12). The
outcomes derived from the above two stages are combined to create the cell state (c*)

as Eq. (14), which is transmitted to the next time slot.

3) Output stage: Following Eq. (14), the LSTM determines the current output from the

cell state using the output gate (z°), and a new hidden layer state h' is created with the
new cell state ¢t as shown in Eq. (15). The output y* in LSTM is typically obtained by
applying a transformation to the h® like regular RNNZs, illustrate in Eq. (16).

Subsequently, the cell state (¢t) becomes transitions to the previous cell state ( ¢*™1)
and the hidden state (h%) becomes a previous hidden state (h*~1) in the next units. This

iterative process persists until all input data are handled across all LSTM units.

Table 20. Equations explanation in LSTM

Stage Function Equation

Forget stage Forget gate 2 = oW [xt,h 1)) (11)

Selective Input gate 7z = oW xt, R 1)) (12)

memory stage Valuable extraction ot — tanh (W [x, ht1] (13)
New cell state =A@ + Zi®;? (14)

Output stage Output gate 22 = a(W°[xt, K1) (15)
New hidden layer state h' = z°Qtanh ( ct) (16)
Output y'=o(W'h") (17)

For the above equations, o is theactivation function, x*, h*, and c* referto the currentinput, hidden state and cell state, respectively.
W/, Wi, and W° represent the weights of forget, input, and output gates. ® is the Hadamard product.

6.4.2 AE

The AE is a fundamental neural network architecture used in unsupervised learning
tasks which aims to capture the most salient features and learn the meaningful
representation of the input data. A typical AE structure contains one input layer, one

output layer, and several hidden layers, and the training process is as follows:

1) Encoder: The encoding process aims to map the high-dimension input data to a low-

dimension representation known as latent space or bottleneck, which is achieved by
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progressively reducing the number of neurons in each network layer. This compressed
representation is a condensed version of the original data, capturing its essential features

more concisely and informatively.

2) Decoder: The objective of the decoder is to reconstruct the input data based on
the compressed representation obtained from the encoder. The structure of the decoder
is composed of hidden layers, and the output layer has an incrementally increased

number of neurons.

3) Reconstruction: After the encoder-decoder procedure, reconstruction loss shown in
Eq. (18) is calculated to minimise the difference between the input and output, which
can be referenced with threshold setting and utilised for anomaly detection tasks [371].
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Figure 28. AE

4) Objective function: The objective, as expressed in Eq.(19), is to optimise the encoder
(e) and decoder (d) by minimising the reconstruction loss, thereby facilitating the

feature representation specific to the input data.

eord=argmin,,.,L(x, f(e(x))) (19)
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6.5 Parallel LSTM-AE Failure Prediction Method

This section presents a comprehensive exposition of the developed methodology,

encompassing problem formulation, data preprocessing, and the proposed model.

6.5.1 Problem Formulation

In the indoor environment domain, the overall index of indoor climate should be
maintained within a normal range to ensure the well-being and optimal performance of
occupants and equipment. Otherwise, deviations from this normal scope can be seen as
failure events due to poor air quality conditions. Therefore, the consistent monitoring
and assessment of [AQ are essential aspects of PdM to promptly identify and mitigate
any adverse effects on health, comfort, and operational efficiency. Our foundation of
PdM for indoor climates centres on the notion that the data gathered by the IoT device
will show certain indicative patterns before any failure occurrence. In the study, [oT
data have been collected on a minute basis, from which we extracted features and
formed the data sample. Based on the overall index collected and the United States Air
Quality Index (USAQI) categorisation [372], as shown in Figure 29, we can label each

data point as normal or failure.

300

Figure 29. USAQI values and categories

The Overall Index (US) provides a holistic view of the air quality. Utilising the same

methodology and breakpoints as the Environmental Protection Agency's air quality
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inspection (AQI) standard [373], an index is calculated for each individual pollutant,
and the highest index is displayed as the Overall Index. The index conversion algorithm
is a piecewise linear function of the pollutant concentration. There is a discontinuous
jump of one AQI unit at the boundary between Good and Moderate AQI categories,
such as the boundary between Good and Moderate AQI values. To convert from
concentration to AQI, the below equation is used, where I is the resulting index value,

C is the pollutant concentration, C,,, and Cp;4, refer to the concentration breakpoint

below and above C, respectively, I, and I;,, stand for the index breakpoint

low

corresponding to C,,,,, and Cp;gp-

1] ig —liow
I= h. h_l (C_Clow)-l_llow (20)
Chlgh Crow

Moreover, TS and RUL approaches have been utilised to process the acquired data,
which can map the failure prediction problem to anomaly detection and classification
tasks that can be solved by existing DL methods. The TS method is a prominent
approach employed in prediction problems, particularly in time series analysis, where
the goal is to forecast future values based on historical data. As depicted in Figure 30,
by leveraging the information of predictor variable (X) at the immediate past (t-1) and
the target variable (y) at the present (t), it capitalises on temporal dependencies within
the data, enabling the model to capture patterns and trends that may influence the future
outcomes. The RUL is another significant approach in the prognostic domain, which
represents the time duration before failure happens for each data point. The calculation
starts with the identification of the faulty point during the monitoring period.
Subsequently, the time to failure is generated for every normal data sample through the
timestamp subtraction of the next failure point from the corresponding normal sample.

The principle is shown in Figure 31, and the equation is expressed as Eq. (20).

Trul = Tnormal - Tfailure (21)
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6.5.2 Data Preprocessing

Datapreprocessing is a crucial phase in the dataanalysis pipeline, enhancing the quality
and usability of the dataset. This section outlines several critical steps involved in our

study:

1) Data cleaning: In this step, errors and irrelevant data arising during the collection
process are removed to enhance dataset integrity. Notably, feature correlation analysis,
as illustrated in Figure 32, demonstrates a substantial correlation between PM1.0 and
PM2.5. Consequently, PM1.0 was removed because PM 2.5 is more informative and

meaningful for future analysis.
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Figure 32. Feature correlation analysis
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2) Data imputation: Data imputation techniques are applied to estimate or fill in the
missing data, which is vital for maintaining completeness and accuracy. To address this
issue, the average value of adjacent datapoints is utilised to generate the missing values
through the following equation, where V,, refers to the missing value while V,,, ., is the

neighbour samples.
v, = =il e (22)

3) Standardisation: Standardizing the data involves rescaling or transforming variables
to have a standard scale, often with a mean of zero and a standard deviation of one. It
ensures that variables with different units or ranges do not unduly influence the results.

For the numerical features, the standardisation values are calculated using the following

equation (23).
2 (% —1;n].ifsln{xj})
Yi= max {x;}— min {x;} -1 (23)
1sisn 1<sisn

4) Data Splitting: The dataset is split into training and testing sets. The training set is
used to develop models, while the testing set is reserved for evaluating model
performance. This step is integral to assess the model's generalisation ability to the new

dataset.

6.5.3 Proposed Model

1) Warning period: Warning time plays a crucial role in addressing accurate prediction,
which refers to the duration between the identification of a potential failure event and
the actual occurrence of the failure. Having an appropriate warning time allows
operators and maintenance personnel to take necessary preventive actions, such as
conducting maintenance activities or implementing operational changes, to avert or
mitigate the consequences of the impending failure. To tackle the warning time, this
study adopts a two-fold approach. Firstly, the RUL is utilised in the LSTM component
of the parallel model. The data samples are labelled based on RUL values, where
samples with RUL less than the defined warning period are assigned 1, indicating an

impending failure within the next warning period. Secondly, the AE component
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employs the TS method, wherein the shift value is aligned with the warning time,
enabling the model to effectively analyse the anomalies in advance and provide insights
into deviations from the normal operating behaviour, thereby contributing to the failure

prediction.

2) Parallel model: The overview of our model is illustrated in Figure 33, which is a
parallel integration of LSTM and AE methods designed to enhance the accuracy of
failure prediction for indoor climate. The integration of these two components allows
the model to leverage predictor variables (e.g., humidity, temperature) through the
LSTM and past target variables (Overall index) by AE. This concurrent utilisation of
predictors and targets provides a comprehensive understanding of the data dynamics
and contributes to the model's superior performance. Furthermore, the combination of
LSTM and AE enables the model to capture complex temporal patterns and underlying
dependencies in the data, leading to more robust predictions and precise identification
of anomalies. Overall, the parallel model offers a promising solution for addressing
anomaly prediction tasks, leveraging the strengths of LSTM and AE techniques to

achieve enhanced performance and utility in real-world applications.

3) AE-LSTM: The AE-LSTM has been utilised as the AE component because it is more
suitable to handle sequential and time-dependent data than traditional AE. As shown in
Figure 34, the 'overall index' from the original dataset is processed with the TS method
first, and then the LSTM encoder establishes numerous LSTM units to examine the
features and iteratively transform the input vector from high-dimension into the low-
dimension format, eventually converging within the latent space. After that, the LSTM
decoder reconstructs the original input from the compressed form in the latent space.
Lastly, the evaluation of the reconstruction loss is performed to ascertain an optimal
threshold value, which is subsequently employed in the test set to identify potential

failures during the subsequent warning period.

4) Integrated prediction: Predictions from LSTM and AE components are integrated
into the ultimate prediction employing a tandem approach of gradient boosting (GB)
and logical disjunction (LD). GB amalgamates the predictions progressively from two
individual models through an iterative optimisation process and nuanced weight

adjustments, while LD aligns the final prediction with positive if at least one prediction
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from the LSTM or AE component is positive. Empirical findingsshow that GB exhibits
higher accuracy in the prediction of lower-severity anomalies, whereas LD
demonstrates superior performance for anomalies of higher severity. The concurrent
deployment of RUL and TS within the parallel model effectively leverages both
predictor and target information and addresses the challenge of pre-emptive warning
times in failure prediction, which can help operators and maintenance personnel make
timely and informed decisions, facilitating proactive maintenance strategies and ensure

a safer and more reliable operation of industrial systems.

6.5.4 Model Analysis

The proposed parallel AE and LSTM deep learning method for failure prediction in
indoor air quality leverages the strengths of both models to enhance prediction
performance. Each model presents distinct advantages, and integration methods like
gradient boosting or logical disjunction optimise the final prediction output through

strength combination.

AE Contribution:

AEs are unsupervised neural networks proficient in capturing patterns in high-
dimensional data and detecting anomalies, particularly when the input deviates
significantly from normal operating conditions [133]. In this context, the AE is highly
effective in detecting sudden and serious faults, as such faults typically manifest as
anomalous patterns in the data that deviate from normal indoor air quality conditions.
The ability of AEs to reconstruct data and minimise reconstruction error allows them
to raise alarms when inputs cannot be accurately reconstructed, indicating abnormal
conditions. This characteristic accounts for the higher performance of AE for severe
and sudden faults, as such anomalies are markedly distinct from the typical datapatterns

the model has learned.

LSTM Contribution:

LSTM networks are particularly powerful for time series prediction due to their ability
to capture long-term dependencies in sequential data [374]. LSTM networks are
designed to model temporal patterns and can track subtle trends or gradual deviations

over time. In this situation, this is beneficial for capturing faults or system degradation
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that develop slowly and progressively. However, LSTMs might underperform in
detecting sudden faultsbecause they rely heavily on sequential relationships, which can
cause them to "smooth out" anomalies that appear abruptly and deviate sharply from

the trend.

Integration Optimization:

The integration of AE and LSTM predictions optimises the overall model performance
by leveraging the unique strengths of both models. In cases of sudden, severe faults,
where AE's high sensitivity to anomalous data patterns is crucial, the integration
ensures that such critical issues are captured by incorporating AE's alarms. Besides, for
gradual faults or system drift, LSTM's ability to model temporal dependencies ensures
that subtle, long-term degradation trends are identified, preventing the system from

missing slowly developing failures.

By combining AE and LSTM outputs utilising gradient boosting or logical disjunction,
the framework creates a more robust and balanced predictive system. Gradient boosting
can adjust the contribution of each model based on their predictive accuracy in different
scenarios, while logical disjunction ensures that if either model flags an issue, it is
incorporated into the final prediction, improving the system's overall fault detection
capability across a range of fault types. This hybrid approach enhances both the
responsiveness to sudden faults and the ability to capture long-term trends, making the

method highly effective for time series prediction in indoor air quality systems.
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6.6 Experiment and Validation

This section presents the practical dataset utilised for model development and the

experimental design methodology.

6.6.1 Dataset Description

To ensure its broad applicability across various indoor environments, the dataset
utilised for solution development in this study encompasses a diverse and
comprehensive IoT dataset collected from different types of buildings, including
commercial complexes, residential apartments, and educational institutions at various
locations across Singapore, as shown in Figure 35. The dataset spans one year
(2022.01.22 — 2023.01.22), capturing continuous measurement at a high frequency of
one-minute intervals. The rich temporal and spatial information present in the dataset
enables the exploration of intricate patterns and variations in indoor climate parameters,

including temperature, humidity and CO, , etc.

Particulate Matter (PM) exists in various sizes and originates from sources like dust and
pollutants. PM 2.5 and PM 1.0 refer to particles of different diameters and are of
particular concern due to potential health impacts. Total Volatile Organic Compounds
(TVOC) reflect the cumulative presence of indoor organic compounds originating from
materials, cleaning products, and more. CO, concentration serves as an indicator of
ventilation adequacy and its associated effects on occupants' well-being. Relative
humidity denotes moisture content relative to the air's capacity at a given temperature
and influences comfort and mould prevention, while temperature determines the
warmth or coldness of the indoor environment. Elevated PM, TVOC, and CO, levels
often signal poor ventilation, emphasising the importance of temperature and humidity
control for occupant well-being. Monitoring and managing these aspects are integral to
fostering a healthier, more comfortable indoor climate. This extensive and meticulously
collected dataset is a valuable resource for developing and evaluating advanced PdAM
algorithms and solutions that can significantly enhance the PdM implementation for

indoor climate and occupant comfort in various building settings.
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In this study, a 4-month dataset of Lakeside station (black box in Figure 35) consisting
of 172,800 data points is utilised with the consideration of the equilibrium performance
of computational efficiency and experiment effectiveness. The training set spans three
consecutive months, while the testing set comprises one month. Figure 36 provides an
overview of the predictors and targets in the test set, and Table 21 presents their
descriptive statistics. An examination of these statistics reveals that PM, TVOC, and
CO, concentrations persistently maintain a baseline of low values for most of the
recorded periods, interspersed with abrupt and conspicuous elevations. This
characteristic pattern also extends to the distribution of the overall index, underscoring
the pivotal influence of the above variables. Furthermore, humidity exhibits a consistent
and even fluctuation centred around its mean value, whereas temperature demonstrates
a gradual increase over time.
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Figure 36. Predictors and targets of the test set

Table 21. The distribution metrics of the test set
Measurement (Max, Min) Mean Median Std Dev
(1) km200.rpm25c¢ (ng/m?) (998,0) 17.06 14.00 18.76
(2) km203.rtvoc (ppb) (9476,0) 335.71 309.00 225
(3) rhumid (%) (70.19,48.7) 64.26 64.48 2.03
(4) rtemp (C) (34.59,29.02) 31.56 31.46 0.94
(5) rco2 (ppm) (1587,329) 437.04 429.00 47.16
(6) Overall Index (US) (500,0) 72.25 68.00 26.7

6.6.2 Experiment Design

This section provides the experiment details, including experiment setup, evaluation

metrics, and scenario setting.

Experiment Setup:

The specifics of the implementation environment are elucidated in Table 22, delineating

the system configuration information during the model development. The

hyperparameter tuning process was conducted systematically to ensure the optimal
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performance of the model. This process involved evaluating various candidate values
for each hyperparameter, as detailed in Table 23. To determine the optimal
configuration, the model's performance was assessed using a grid search and cross-
validation approach. In this method, different combinations of hyperparameters were
evaluated by training the model on subsets of the training data, and performance metrics,

including accuracy, precision, recall, and F1-score, were used to measure the model's

effectiveness.
Table 22. Implementation environment

Unit Description
Processor 13the Gen Intel(R) Core (TM) i7-13700K
RAM 32 GB
(0N Linux Office-server 5.4.0-148-generic
Packages used TensorFlow 2.1.0

Table 23. Hyperparameters tunning
Hyperparameters Description Range
Leamingrate Step size for optimisation convergence 0.001,0.01,0.1
Epoch number Iteration count for training cycles 20,50,100
Batch Size Sample count processed per optimisation step 16,32, 64
Dropout Neurons deactivated to prevent overfitting 0,0.1,0.2
LSTM/AE layer & unit Structure of neurons network 8,16,32,64
Optimisation function Adjustment methods to minimise loss Adam, SGD

Additionally, the model's behaviour was monitored across multiple iterations to ensure
robustness against overfitting or underfitting. The final selection of hyperparameters
was based on the configuration that consistently yielded the best performance on the
validation data while balancing complexity and computational efficiency. Key
considerations included learning rate, epoch number, batch size, and the network
structure, ensuring that the model could generalise well to unseen data while
maintaining computational feasibility. This approach allowed for the identification of
hyperparameters that provided optimal predictive accuracy and stability in the

experimental results.

Evaluation Metrics:

Accuracy, precision, recall, and F1 score are chosen for validating the proposed method,
which is widely utilised in classification problems. Each metric addresses a unique
perspective of model behaviour, ensuring that the evaluation captures the general
aspects and other critical prediction scenarios, such as fake alarms and missed alarms,

which are highly relevant in failure prediction contexts. As illustrated in Tabel 24, True

138



Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives (FN)
are fundamental to the calculation of the performance metrics, providing the

quantitative basis for the evaluation of model performance.

Table 24. Definition of TP, TN, FP, and FN

Term Definition Practical meaning
TP Instances correctly classified as positive.  True failure.

TN Instances correctly classified as negative. True normal

FP Instances wrongly classified as positive. ~ Fake failure.

FN Instances wrongly classified as negative. ~ Missed failure.

Accuracy measures the overall correctness of classifications by calculating the
proportion of true predictions, including both true positives and true negatives, relative
to the total number of predictions. While it provides a general indication of the model’s
performance, accuracy is insufficient in the PAM context, where the class imbalance
between normal operations and failure events is prevalent. In such cases, high accuracy
can be achieved by predominantly predicting the majority class, which is misleading.
Therefore, additional metrics are required to evaluate the model’s performance more
precisely, particularly in detecting minority class instances such as different severity of

failures.

TP+TN

Accuracy = ——
y TP+TN+FP+FN

24)

Precision is chosen to assess the model’s capacity to accurately identify positive
instances, specifically actual failures, by calculating the proportion of true positives
among all predicted positives. This metric is crucial in scenarios where minimising the
cost of false positives is a priority, such as unnecessary maintenance actions or system
downtime. Precision ensures a high probability of accuracy when the model predicts a

failure, thereby reducing the occurrence of unnecessary maintenance interventions.

TP
TP+FP

Precision =

(25)

Recall evaluates the model’s ability to detect all actual positive instances (failures) by

calculating the proportion of true positives among all actual positives. In the PdM area,
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missing failure (false negatives) can result in significant operational risks and
unexpected breakdowns. Therefore, recall is crucial for evaluating how effectively the

model captures all failure events, even at the risk of increasing false positives.

TP
TP+FN

Recall = (26)

The F1 score was chosen to balance precision and recall, as it represents the harmonic
mean of these two metrics. This makes it particularly valuable in scenarios where there
is a trade-off between precision and recall, such as in imbalanced datasets or when both
false positives and false negatives incur significant costs. By integrating the strengths
of precision and recall, the F1 score provides a comprehensive assessment, ensuring
that neither metric outweighs the other. This balance is crucial for developing a reliable
failure prediction model, where both minimising false alarms and accurately identifying

failures are equally important for optimal performance.

2xTP

F1— Score = ———
2«xTP+FP+FN

27

By incorporating these four evaluation metrics, the author ensures that the validation of
the proposed model reflects a well-rounded and thorough analysis. Each metric serves
a specific purpose in assessing various performance aspects of the model, from overall
accuracy to its ability to handle critical maintenance decisions. This multi-faceted
evaluation framework contributes to the development of accurate and reliable failure
prediction models, supporting informed decision-making and ensuring that the model

can be effectively applied to diverse failure prediction and PdM scenarios.

Scenario Setting:

The experiment across diverse scenarios containing a range of anomaly severities
(100,150, 200) and warning time (10m, 20m, 30m, lh, 2h) has been conducted to
provide a comprehensive evaluation. By incorporating hyperparameter tuning,
performance metrics, and diverse experiment scenarios, the experimental design not
only ensured a meticulous assessment of the proposed method's effectiveness but also
contributed to a robust and insightful analysis of its performance under varying

conditions.

140



6.7 Result and Discussion

This section presents the exposition and discourse on the experiment results of the
proposed models. We aim to validate its ability to provide accurate alarms for potential
failure and assess its performance on a broader scale through different scenario settings.
Furthermore, we explore the practical challenges encountered during the
experimentation process, aiming to provide insights into refining failure prediction

strategies.

6.7.1 AE for Failure Prediction

AE has been proven to be an effective technique for anomaly detection processes
among various domains [375], where instances that deviate significantly from normal
patterns are identified and labelled as anomalies. By integrating TS techniques, AE can
be trained using this augmented dataset to learn normal patterns, thereby achieving the
failure prediction function by recognising deviations when the associated errors exceed
the predefined threshold. Setting an appropriate threshold is pivotal for the task
implementation, and reconstruction loss is commonly utilised [123]. In this study, the
threshold is established by analysing the distribution of reconstruction loss, as shown
in Figure 37, which is imperative to consider and balance the values of the evaluation
metric alongside the proportion of the target outlier. Upon employing the threshold-
based failure prediction methodology, it becomes essential to adjust the threshold
according to distinct severity settings, owing to the differing magnitudes of deviations
within anomalous features. The proposed model is trained with the "Overall index"
dataset, and Figure 38 presents the failure distribution of three different severities in the

test set.
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Figure 37. Distribution of reconstruction loss (a), Benchmark line in overall index (b)

Through the observation of outcomes, it is evident that a discernible relationship exists
between the magnitude of the reconstruction error and the occurrence of failures in the
'overall index', particularly pronounced in severe cases (200), nearly all failure events
in this category correspond to notably elevated reconstruction errors. Conversely, an
increased number of false alarms is observed in situations characterised by relatively
minor severities (100). This can be attributed to instances where the overall index
experiences fluctuations, leading to varying reconstruction errors, and it is also affected
by the baseline air quality of the practical environment where we obtained the dataset.
Typically, theoverall index in the experiment dataset tendsto stabilise at approximately
70, while the reconstruction error is primarily induced by the scale of alteration in the
overall index, rather than its absolute magnitude. Therefore, the AE component can
trigger fake alerts due to sudden improvements in air quality in low-severity cases,
while in the cases of high severity, the overall index is often accompanied by a single-
direction drastic change that makes the air quality worse, which renders misjud gements
less likely. Hence, two distinct methodologies are employed to optimise the ultimate
predictions in the integration component for diverse scenarios, aiming to further

improve the prediction performance and generalizability of the model.
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Figure 38. Failure distribution on the test set by AE component, (a) severity = 100, (b) severity =150,

(c) severity =200

6.7.2 Effect of Warning Time and Severity

In this section, a systematic investigation into the impact of failure severity and warning
time configuration has been conducted to comprehensively assess the performance of
the proposed methodology. The failure events have been categorised into three classes
based on the obtained 'overall index' and USAQI standard [372]. Specifically, failure
events with an overall index exceeding 100 were classified as low-level severity, those

surpassing 150 were categorised as medium-level severity, and those exceeding 200
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were designated as high-level severity. Additionally, the influence of warning time
aligned with the RUL and TS methods has been systematically investigated. The range
of warning time configurations varied from 10 minutes to 2 hours. Lastly, it should be
emphasised that the model is trained ten times for each scenario, which contributes to
a more robust evaluation and accounts for potential influence from diverse initial

conditions and other pertinent factors.

The experiment results are shownin Figure 39, revealing discernible trends and patterns
in the performance of the proposed methodology. For low severity, the algorithm
initially exhibits an ascending performance trajectory with an ensuing decline as
warning time increases. Remarkably, at a warning time of 30 minutes, the algorithm
attains its best performance (Accuracy = 0.87, Precision = 0.96, Recall =0.77, F1 score
= 0.86). Under medium and high levels, the performance experiences degradation as
the warning time increases. Notably, the accuracy is decreased to approximately 0.5 for
high-severity cases under 2 hours warning time, signifying a performance akin to
random guessing, and the algorithm is almost ineffective. Furthermore, an observation
of the varying performance within evaluation metrics across different severity levels is
found. Specifically, for low-severity cases, precision consistently has the highest value,
followed sequentially by accuracy, F1-score, and recall. In contrast, for medium- and
high-severity scenarios, recall stands as the best performance indicator, and it is
succeeded by the F1 score, accuracy, and precision. This discernible pattern suggests
distinct behaviours of the model for differentiating severity levels. The model
demonstrates accuracy for low-severity events despite some cases evading its
identification. Simultaneously, it is effective at capturing most actual medium and high-

severity cases even though the prediction is not infallible.

The F1-score, being an amalgamation of precision and recall, is widely acknowledged
as a well-balanced metric for assessing model performance. Our observations indicate
that the model's performance is notably influenced by both the warning time and the
severity degree. The model's configuration should be tailored to specific situations and
requirements to attain optimal and satisfactory outcomes during the implementation.
Furthermore, the categorisation of severity is subject to influence not only from

established industry standardsbutalso from the distribution patterns within the original
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dataset. The severity categories threshold should be adjusted to align with different air

quality levels in various environments.
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Figure 39. Model performance for different severity levels under different warning times

6.7.3 Comparison with Different Models

Prior PdM-related studies in the construction industry were mainly focused on anomaly
detection of building facilities, with a limited emphasis on the prediction of failure
events for [AQ. Notably, the present investigation has not found comparable studies in
the existing literature, particularly for the failure prediction of indoor climate
maintenance. Consequently, 4 classic ML models, including RF, SVM, Neural
Network (NN), and LSTM, are employed as the benchmark models to assess the
performance of the proposed model. RF and SVM are typical ML techniques
proficiently utilised for classification and prediction tasks, with notable effectiveness
in high-dimensional datasets. NN and LSTM are DL models consisting of

interconnected layers of artificial neurons, learning complex patterns from datasets.

A comparative analysis of benchmark models and the proposed across three distinct
severity levels has been conducted in this study. The evaluation metrics encompass

accuracy, precision, recall, and F1 Score, which are utilised to analyse predictive
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performance. We adopt the performance of the warning time with 30 minutes to
represent the general performance of the proposed method. The predictive results of
the proposed method for the test set under low severity with 30-minute warning time
are illustrated in Figure 40, while Figure 41 graphically depicts the outcomes, revealing
that the proposed method consistently outperforms other comparison models across
low, medium, and high severity levels. Notably, as the severity level increases, a
reduction in the performance gap between the proposed methodology and other
approaches is observed in terms of accuracy and precision. At the highest severity, the
disparity to LSTM in accuracy shrinks to 0.06, while the accuracy of the NN approach
is even higher than the proposed model. Nonetheless, both the proposed and LSTM
models excel in overall performance, primarily because of their remarkable
performance in the recall domain. F1 provides a balanced perspective of the
performance, considering both precision and recall, serving as a comprehensive
comparative standard. Moreover, the LSTM exhibits comparable recall performance to
the proposed method, except in cases of high severity, where the LSTM significantly
lags behind the proposed model.

Overall, the performance of traditional ML methods (RF, SVM) exhibits suboptimal
performance, primarily attributable to their limited recall rates, resulting in many
overlooked alerts, whereas DL methods (NN, LSTM) show notably superior
performance, with multiplicative improvements in F1 scores. The proposed algorithm
consistently surpasses others by more than 10% across all severity scenarios. This
success can be attributed to the proposed algorithm's enhanced utilisation of the dataset
containing predictor and target data through the incorporation of RUL and TS
techniques. Besides, the AE component captures meaningful representations from prior
target inputs and detects the anomaly in future warning periods through an unsupervised
approach, contributing to the final predictions through the GB or LD approach from the
integration component. During the experimentation, a notable enhancement was
observed in predicting high-severity failure events through the AE model, particularly
regarding recall performance. This improvement can be attributed to AE's ability to
effectively detect irregular and abrupt degradation in the overall index, which might be

ignored by the LSTM model.
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Figure 41. Comparative study of different benchmark models (warning time =30 m)

6.7.4 Effect of Dataset

In this section, two additional datasets are employed further to investigate the
applicability and universality of the model on unfamiliar datasets. We configure the
experimental scenarios with a 30-minute warning time for low-severity cases.
Moreover, the proposed method utilised the pre-trained model based on the Lakeside
dataset in all scenarios, while the comparative models are individually specialised

trained based on different target datasets.

Figure 42 demonstrates the model performance and dataset locations, revealing that,
although the precision of the comparative model surpasses that of the proposed method
in locations (Pioneer and Woodland) without specialised training, the overall

performance of the proposed model remains superior to other comparative models
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across all datasets. Furthermore, the disparity between the comparison and proposed
models diminishes from Pioneer to Woodland. This trend can be attributed to the
model's sensitivity to data distribution. Compared to Woodland, Pioneer exhibits
greater similarity to Lakeside and shares more analogous environmental characteristics.
Woodland, located on the northern border with distinct surroundings, exhibits a more
disparate data structure and distribution. As a result, the Pioneer dataset aligns more
closely with the training set from Lakeside, yielding superior performance of the

proposed method compared to the other datasets.

In summary, the proposed model can provide competitive and satisfactory performance
when directly applied to new datasets and scenarios, although specialised training can
enhance its performance. For practical implementation, we recommend providing
services and functions based on existing models during the initial phase, with data
collection conducted concurrently within the proposed DT framework. In the advanced
stage, the model should continuously improve by incorporating current data to achieve

the best performance.
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6.7.5 Online Deployment

This section presents the online platform developed for DT concretisation and
implementation, which consists of two sub-systems. The first is dedicated to visualising
the building environment, and the second focuses on the presentation of real-time
monitoring information and alarm notifications. The mainstream approach for building
visualisation is executed through the implementation of BIM. Nevertheless, it is
noteworthy that not all target buildings have BIM models, particularly those built before
the occurrence of the BIM. As shown in Figure 43, the IScan2BIM system has been
developed to overcome this limitation by generating as-built BIM models for existing
buildings, offering building information such as 3D measurements and layout specifics.
The system starts with the scanning processing of the target building utilising
automated robotics, followed by the reconstruction of building structures and MEP
components. The algorithm development is illustrated in BEAcon [370] and PointNet
[325], while the  practical demonstration can be  accessed  at

https://www.youtube.com/watch?v=RE-vNYs i w, showcasing the BIMbot-driven

intelligent scanning process, Al-enabled reconstruction procedures, and an Amazon
Web Services cloud platform for the B&C industry. This system functions as the main

platform for integrating indoor climate information for PdM applications in this study.
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Figure 43. BIM reconstruction from IScan2BIM

To provide real-time monitoring and alerts for indoor climate conditions, a data-centric

web application has been developed by the Streamlit library in Python, as depicted
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https://www.youtube.com/watch?v=RE-vNYs_i_w

in * ure 44. Streamlit was chosen as the development framework because it is highly

accessible for individuals with limited programming or web development knowled ge.
A standout attribute of Streamlit is its hot-loading implementation, facilitating dynamic
updates without requiring manual page refreshes. This feature guarantees that users

consistently access the most up-to-date information without disruptions. Furthermore,
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Figure 45. The online platform of PAM for indoor climate

Streamlit applications can be effortlessly shared by distributing a URL link, and they
offer versatile deployment options across a spectrum of platforms and cloud services.
This flexibility simplifies the deployment and demonstration processes, making it a
practical choice for showcasing the application's functionality. The website presents
various indoor climate metrics, including PM1.0, PM2.5, TVOC, CO,, humidity,
temperature, and overall index. It also displays binary warning signals, where 0
indicates normal operating conditions, and 1 signals a potential issue within the
subsequent warning period (30 minutes in this experiment). Additionally, the system
integrates a maintenance record page, enabling operators to document failure
occurrences and maintenance information. Currently, the system derives input data
from CSV files and is deployed to a local server for the proof of concept, while future
work is planned to leverage APIs for real-time data collection and enable online
deployment. Finally, the commercial 10T devices utilised for data acquirement are

shown in Figure 45.
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6.7.6 Discussion on DT-enhanced PdM Implementation

The implementation of DT technology significantly enhances PdM strategies by
introducing improved interactive capabilities and optimised planning and scheduling,
as demonstrated by the proposed framework and experimental results. DT enables real-
time synchronisation between physical systems and their digital counterparts, offering
a dynamic and interactive platform for monitoring and diagnosing indoor air quality.
This interactive capability allows facility managers to visualise the current state of
equipment, receive early warnings for potential faults, and simulate maintenance

actions before they are performed on the actual systems.

In this study, the predictive capabilities of the DT framework are powered by the
proposed parallel LSTM-AE method, enhancing maintenance planning by providing
accurate and detailed failure predictions. Experiment 1 explored varying warning times
and severity levels, demonstrated that the system can flexibly adjust its prediction
period from short-term (10 minutes) to long-term (12 hours), and effectively alert users
based on the severity of the failure events. This detailed decision-support information
significantly improves the selection and deployment of maintenance strategies,
reducing equipment downtime and avoiding emergency repairs. Besides, the
optimisation of scheduling can also be improved through accurate and actionable
predictions. Experiment 2 compared the proposed method to other common benchmark
models, confirming the superior performance of the proposed method in accuracy. This
enables better planning by forecasting failure more reliably and allowing maintenance
actions to be scheduled more precisely, minimising disruptions. Additionally,
experiment 3 verified the proposed model on new datasets and highlighted the system’s
versatility and applicability across different scenarios. The ability to perform well on
unfamiliar datasets demonstrates the framework's generalizability, ensuring that PAM
strategies can be scaled across diverse environments and equipment types without

sacrificing performance.

Overall, DT implementation not only improves real-time monitoring and user
interaction but also enhances PdM strategy by enabling more efficient and optimised
scheduling. This ensures maintenance activities are carried out based on accurate

predictions, reducing costs and improving operational efficiency.
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6.8 Remark

PdM in the building industry has emerged as a prominent application in Construction
4.0 [7], encompassing not only the maintenance of building facilities but also extending
to indoor climate. This study explores the potential of combining the DT concept with
DL models to address PAM challenges in the realm of indoor climate, which showcases
the effectiveness of the proposed parallel model for the failure prediction of indoor
climate and illustrates how the DT paradigm can expedite the implementation of PdAM
strategies within the built environment through the proposed framework and practical

online application.

The contributions of this study are summarised as follows. First, it integrates the RUL
and TS into the data processing pipeline to convert the failure prediction task into a
combination of a supervised and an unsupervised learning task. Secondly, a hybrid DL
model, fusing LSTM and AE, is developed to predict multi-severity failures, which is
implemented in real-world TAQ datasets sourced from diverse buildings in Singapore.
Moreover, a meticulous comparison between the proposed model and the other 4
benchmark models substantiates the superior predictive capabilities of the former,
signifying the optimised utilisation of the predictors and previous targets in the dataset.
For the most common failure for indoor climate, the low severity level, the performance
matrix of the proposed model is close to 80%, which is 10 to 15% higher than other
comparative algorithms overall and holds a certain practical value in real-world
implementations. Lastly, the study provides a depiction of the proposed DT-enabled
PdM framework for indoor climate, verified by the online platform that showcases
building models, air quality data, and alert information. This practical demonstration
can provide a guiding example for future endeavours in the realm of DT-enhanced PdM

solutions.

This study can be seen as the initiation stage of DT-enabled failure prediction for the
indoor climate within the PdAM domain, and there are several limitations and future

works worth exploring. The proposed overall index should ideally include additional

parameters like SO,, NO,, CO, PM10, and O; for a more holistic assessment. However,
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the limitations of our data collection device have constrained us from including the
abovementioned parameters in the current dataset, underscoring the need to strengthen
data acquisition capabilities for future research. Additionally, variables beyond air
quality metrics, including device location, building structure, green space, etc, can
substantially affect the model's performance. Therefore, future research should deploy
devices in diverse locations within buildings and consider more relevant parameters for
enhanced accuracy and reliability of the prediction model. Furthermore, the efficacy of
high-severity failure event forecasting remains limited in this study, primarily dueto a
scarcity of severe air pollution events in the collected dataset, which calls for
augmenting data diversity through extended collection efforts or the incorporation of
synthetic data generation methods, thereby potentially enhancing the versatility and
resilience of predictive models. Finally, DT-enhanced PdM holds great potential; more
functions, including asset scheduling, cost reduction, and decision-making, are valuable
to develop and integrate into the platform, enabling the building industry to safety,
efficiency, sustainability, and predictability, ultimately transforming maintenance

practices, and optimising FM.

In conclusion, this research provides comprehensive insights into failure prediction,
data processing techniques, DL models, and the implementation of DT in PdM for
indoor climate. The contributions and insights gained provide a foundation for
improved PdM strategies, while limitations acknowledged offer a guideline for future

research and development.
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Chapter 7 Conclusion and Future Work

In this chapter, we summarise the research that was conducted. This chapter presents a
summary of the research and details all key contributions, followed by discussions of

potential future research directions.

7.1 Summary

This thesis combines four studies that collectively enhance our understanding of PdM
and DT in the building industry. These chapters analyse various aspects of PdM and
DT, showcasing their versatility and applicability in improving the building field.

Firstly, the versatility and scalability of DT solutions across industries, including
aerospace and healthcare, are discussed. Then, recent related studies within the B&C
industry are systematically reviewed, deriving a unified framework that integrates
Industry 4.0 technologies as functional modules within the DT structure. It also
introduces the innovative Six M methodology for analysing the role of DT-enabled

systems within construction functional roles.

Secondly, existing research on PdM in the B&C industry is categorised into four
clusters based on the keyword network analysis approach to identify the key enabling
factors and challenges during the implementation of PdM. Besides, the functionality
and applicability of PdM deployments are highlighted through an in-depth analysis
utilising the Three-by-Three matric M approach, adapted from Ishikawa's diagram. This

study provides a foundation for future research and practice.

Thirdly, we emphasise the adaptability and scalability of DT solutions, specifically
focusing on their application in PdM for building facilities. A novel failure prediction
approach based on Semi-supervised GAN is proposed to improve prediction accuracy
and reduce dependency on labelled data. Also, a three-layer DT-enabled PdM
framework is developed to underscore the potential for future advancements in PdM

solutions through DT paradigms.

155



Lastly, we explore the combination of DT concepts with DL models for PAM in indoor
climate maintenance. We introduce a hybrid DL model and demonstrate its superior
predictive capabilities in real-world IAQ datasets. A DT-enabled PdM framework for
indoor climate is also presented, accompanied by a practical online platform to show

the monitoring and alarm information.

In conclusion, these research sections collectively advance the understanding and
application of DT and PdM in the B&C industry. They provide valuable insights,
methodologies, and practical applications that contribute to the ongoing transformation
of construction practices, building maintenance, and FM. Additionally, future research
directions are identified in each study to offer a roadmap for further exploration in this

dynamic field.

7.2 Contributions

This thesis provides significant scientific and theoretical advancements in the fields of
DT, PdM, and Industry 4.0 technologies, particularly within the building industry. The

detailed contributions are outlined as follows:

1) Introduction of a Novel Architecture for DT Integration in Construction: This
research introduces an innovative architecture that integrates Industry 4.0 technologies
into DT systems for construction, underpinned by the proposed Six M methodology.
This architecture serves as a blueprint for enhancing construction operations by
leveraging advanced technologies such as multi-functional sensors and AL
Additionally, the research identifies future research directions that focus on enhancing
sustainable construction practices through the deployment of Al-driven solutions and
multi-functional sensor systems, laying the groundwork for future scientific exploration

in these areas.

2) Categorization of PdM Implementations and Analytical Framework: The study
categorises PdM implementations into four distinct clusters using a novel keywords
network analysis approach. This categorisation provides a structured understanding of

PdM deployments across various industries. Moreover, the research introduces the
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Three-by-Three Matrix M approach, a comprehensive analytical framework designed
to evaluate the functionality and applicability of PdM systems. This methodological
contribution offers a new lens for the theoretical exploration of PdM practices,
contributing to the ongoing evolution of maintenance strategies in industrial and

construction contexts.

3) Emphasis on DT and PdM Integration for Enhanced System Performance: A
key scientific contribution of this research is the emphasis on the integration of PdAM
with DT technologies to improve the performance and accuracy of maintenance
solutions. The research proposes a novel three-layer DT-enabled PdM architecture
specifically designed for building facilities management. This layered architecture
enhances the theoretical understanding of how DT systems can optimise PdM processes

and provides a robust framework forthe further development of smart building systems.

4) Development of a Semi-supervised GAN-based Failure Prediction Methodology:
The study presents a semi-supervised GAN-based approach for failure prediction. This
method significantly advances the field by reducing the reliance on labelled datasets,
which are often scarce in real-world scenarios. This contribution enhances the
theoretical body of knowledge on ML techniques applied to predictive maintenance,
particularly in scenarios where labelled data is limited, thereby improving prediction

accuracy and system reliability.

5) Development of a Parallel Failure Prediction Methodology: Another critical
contribution of this research is the integration of RUL and TS techniques into the PAM
data processing pipeline. The development of a hybrid deep learning model for multi-
severity failure prediction further contributes to the theoretical foundations of PdM.
This hybrid model offers new insights into how multiple failure severities can be

predicted more accurately, enhancing the longevity and resilience of industrial systems.

6) Proposal of a DT-enabled PAM Framework for Indoor Climate Management:
The research proposes a DT-enabled PdM framework specifically aimed at managing
indoor climates. This framework is complemented by the development of an online
platform that showcases a comprehensive building model, along with real-time

monitoring data and predictive alarm systems. This contribution is both scientific and

157



practical, providing a novel theoretical framework for the application of DT and PdM
in the domain of climate management while also offering a tangible solution for real-

world implementation.

7.3 Limitation Discussion

In this section, the limitations of the proposed frameworks and models are discussed in

terms of their real-world applicability and generalizability.

The first limitation of the proposed frameworks is their dependency on high-quality and
extensive datasets for effective performance. During PdM implementation, the
collection of reliable labelled datacan be challenging, especially in environments where
failure events are rare or difficult to observe. Models trained on imbalanced or noisy
datasets may suffer from reduced accuracy and generalisation ability, which limits their
effectiveness in real-world settings [366]. Without access to comprehensive datasets,
the models may struggle to capture all the relevant features of the system, potentially

leading to missed failures or false alarms.

Secondly, while the proposed frameworks perform well in the experimental setup, their
scalability to larger and more complex systems poses a challenge. Real-world industrial
systems often involve intricate interactions between various subsystems, making it
difficult for predictive models to accurately capture all the dependencies. As noted by
Yang et al.[133], models may fail to generalise well when applied to systems with more
complex operational dynamics than those seen during training. This limitation suggests
that additional research is needed to extend the scalability of these models to larger,

interconnected environments.

Another limitation relates to the computational complexity of the models, particularly
when employing deep learning techniques such as Semi-GANs and AE-LSTMs.
Significant computational resources are required for the deployment of these models,
especially during the training phase. This can pose challenges in real-time PdM

applications, where fast processing and decision-making are critical. Computational
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inefficiencies can hinder the deployment of complex models in resource-constrained

environments [376].

Finally, although the experiment design demonstrated the model's applicability to new
datasets, the framework may still face limitations when applied to completely unseen
or evolving operational conditions. As systems change over time due to wear and tear,
environmental factors, or upgrades, the model may need continuous retraining to
remain effective. As suggested by Liu et al. [377], models without adaptive learning
mechanisms may fail to generalise well to changing operational environments, leading

to suboptimal maintenance decisions.

In summary, although the proposed frameworks show promise for enhancing PdM
strategies, limitations related to data quality, scalability, computational complexity, and
adaptability still need to be addressed for widespread practical deployment. Future
research should focus on overcoming these challenges to ensure the models are robust,

scalable, and applicable to a wide range of industrial contexts.

7.4 Future Direction

1) Enhance the algorithm's performance. New models like Transformers and Informer
hold promise for future improvement. Additionally, advanced SMOTE methods
warrant future research attention because failure prediction scenarios often suffer from
serious data imbalance issues, where erroneous data events are typically much fewer

than normal data samples.

Undersampling Oversampling
Copiesof the [N
minority class -
5amp|es of’ -
X\ majority class -
Y ~
Original dataset Original dataset

Figure 46.Data imbalance problem

159



2) Improve the adaptability and functionality of the model. The future method should
include the prediction of multiclass faults of the target asset. Besides, concurrent faults

in the system should also be explored in the future.

[
L

alafalal

Aol

Figure 47. Prediction of multiclass faults & concurrent faults

3) Integrate with the visualisation platform. Future methods should integrate the [oT
system and virtual model like BIM to achieve real-time 3D visualisation [378], analysis,

and alert information of the target facilities, as well as further improve the performance
of PdM.

Figure 48. BIM model for building facilities (lift)

4) Develop multi-functional and integrated DT systems. Incorporate functionalities
with higher operation performance to include additional project considerations within
the same platform [379], such as environment monitoring, safety management, and

building energy management.
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