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Research Plan 
 
Seven sections are proposed to facilitate the research and will be organized as follows:  
 
· Section 1 will introduce the background and context of digital twin technologies and its applications in advance manufacturing sector from a theoretical perspective. The section also explores the key challenges, the research questions, aim and objectives of the research and the research title.
 
· Section 2 will construct a literature review by looking at the theoretical Underpinnings of digital twin technology and its scope, components, characteristics and applications in advance manufacturing, the digital twin challenges in creating bespoke software solutions, the limitations of existing software or hardware tools. 
 
· Section 3 will explore the research design and methodology. This section covers problem space, scope and key stages of research, the data collection methods including systematic literature review, case study analysis and experimental studies, tools and resources, performance evaluation and analysis techniques. 
 
· Section 4 & 5 will cover the design and development phases of low-cost / open-source digital twinning solutions, its integration with available manufacturing systems or explore the possibility of emulation / simulation models to do trial runs. This phase will also explore the integration possibilities of AI/ML models, data driven model development and data analytics-based manufacturing execution systems and extended dash boards. 

· Section 6 will analyse and discuss findings. This section identifies the success rate and scope of the developed twin systems and evaluate how this system helped to achieve industry 4.0 goals as outlined in the research objectives.
 
· Section 7 will conclude the thesis and propose future directions.   
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Acronyms

AI – Artificial Intelligence
ML – Machine Learning
IoT – Internet of Things
CPS – Cyber Physical Systems
MES – Manufacturing Execution Systems
PLM – Product Lifecycle Management
DT – Digital Twins
DTP – Digital Twin Prototype
DTI – Digital Twin Instance
DTA – Digital Twin Aggregate
CAD – Computer Aided Design
PLC – Programmable Logic Controllers
MQTT - Message Queuing Telemetry Transport
RFID – Radio Frequency Identification
GPS – Global Positioning System












Glossary

AI - The technique for teaching computer programs or robots to take intelligent actions.
ML - A branch of AI. It is the use and development of computer systems that can learn and adapt without following explicit instructions, by using algorithms and statistical models to analyse and draw inferences from patterns in data.
Big Data - A term that refers to a large amount of data and how to manage and analyse it.
Cloud Computing - Cloud computing is a term for providing services over the internet such as storage, databases, software, networking, and analytics.
CPS - The technologies that manage interconnected transformation between physical assets and its virtual representation. 
IoT - A core element within Industry 4.0 with embedded sensors, software, electronics, and network connectivity into devices 
Industry 4.0 - The fourth industrial revolution. Industry 4.0 includes high data volumes, multilateral communication, and interconnectedness between CPS and people.
PLM - It is a concept of seamless, streamlined integration of information from a product, generated through all phases of its entire life cycle including information from related processes. 
PLC - A programmable logic controller or programmable controller is an industrial computer that has been ruggedized and adapted for the control of manufacturing processes, such as assembly lines, machines, robotic devices, or any activity that requires high reliability, ease of programming, and process fault diagnosis
RFID - Radio-frequency identification uses electromagnetic fields to automatically identify and track tags attached to objects. An RFID system consists of a tiny radio transponder, a radio receiver and transmitter.
Smart Manufacturing - Smart Manufacturing is the term for a collaborative, integrated and real-time responding manufacturing system which utilizes big data, AI, IoT and cloud computing. 
MES - Manufacturing execution systems are computerized systems used in manufacturing to track and document the transformation of raw materials to finished goods.
Low-Cost Solutions - Tools and resources which are either open-source or low cost.
Predictive Maintenance - Predictive maintenance techniques are designed to help determine the condition of in-service equipment to estimate when maintenance should be performed. This approach promises cost savings over routine or time-based preventive maintenance because tasks are performed only when warranted.
Sustainability - Sustainability is a social goal for people to co-exist on Earth over a long time. Specific definitions of this term are disputed and have varied with literature, context, and time.
Circularity - A circular economy is a model of production and consumption, which involves sharing, leasing, reusing, repairing, refurbishing, and recycling existing materials and products for as long as possible.
Net-Zero - a target of completely negating the amount of greenhouse gases produced by human activity, to be achieved by reducing emissions and implementing methods of absorbing carbon dioxide from the atmosphere.
MQTT - It is a lightweight, publish-subscribe, machine to machine network protocol for message queue/message queuing service. It is designed for connections with remote locations that have devices with resource constraints or limited network bandwidth, such as on the Internet of Things.

















1. Introduction
A digital twin is a digital model of an intended or actual real-world physical product, system, or process that serves as the effectively indistinguishable digital counterpart of it for practical purposes, such as simulation, integration, testing, monitoring, and maintenance. The digital twins have been intended from its initial introduction to be the underlying premise for Product Lifecycle Management [1,2,3,31,32] and exists throughout the entire lifecycle (create, build, operate/support, and dispose) of the physical entity it represents. Since information is granular, the digital twin representation is determined by the value-based use cases it is created to implement. The digital twin can and does often exist before there is a physical entity. The use of a digital twin in the creation phase allows the intended entity's entire lifecycle to be modelled and simulated [32]. A digital twin of an existing entity may be used in real-time and regularly synchronized with the corresponding physical system.

[image: A diagram of a data collection
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Fig 1 : The concept of Digital Twin, Physical Twin and Connections. (U.S. Government Accountability Office)

Though the concept originated earlier, the first practical definition of a digital twin originated from NASA to improve the physical-model simulation of spacecraft in 2010 [33]. Digital twins are the result of continual improvement in the creation of product design and engineering activities. Product drawings and engineering specifications have progressed from handmade drafting to computer-aided drafting/computer-aided design to model-based systems engineering and strict link to signal from the physical counterpart.


1.1 History of Digital Twins
Digital twins were anticipated by David Gelernter's 1991 book Mirror Worlds [97]. The concept and model of the digital twin was first publicly introduced in 2002 by Michael Grieves, at a Society of Manufacturing Engineers conference in Troy, Michigan [34]. Grieves proposed the digital twin as the conceptual model underlying product lifecycle management (PLM) [35]. The digital twin concept, which has been known by different names (e.g., virtual twin), was subsequently called the "digital twin" by John Vickers of NASA in a 2010 Roadmap Report [36] The digital twin concept consists of three distinct parts: the physical object or process and its physical environment, the digital representation of the object or process, and the communication channel between the physical and virtual representations. The connections between the physical version and the digital version include information flows and data that includes physical sensor flows between the physical and virtual objects and environments. The communication connection is referred to as the digital thread. 
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Fig 2 : An early digital twin concept by Grieves and Vickers [44]

The International Council of Systems Engineers (INCOSE) maintains in its Systems Engineering Book of Knowledge (SEBoK) that: "A digital twin is a related yet distinct concept to digital engineering. The digital twin is a high-fidelity model of the system which can be used to emulate the actual system"[98]. The evolving US DoD Digital Engineering Strategy initiative, first formulated in 2018, defines a digital twin as "an integrated multiphysics, multiscale, probabilistic simulation of an as-built system, enabled by a Digital Thread, that uses the best available models, sensor information, and input data to mirror and predict activities/performance over the life of its corresponding physical twin” [99].
This is a concept widely mentioned as an important part of Industry 4.0 is that of digital twins [87, 91]. The digital twin concept first appeared in a presentation on PLM at the University of Michigan was held by Grieves in 2002 [31,32,41]. Over time the concept has been referred to as mirrored spaces model, information mirroring model and later, from 2011 and onward, digital twin. Various interpretations have been encountered since the concept emerged, and neither academia nor industry agree upon what the concept entails [2,3,4]. The digital twin is characterized by the integration of physical and cyber systems [1, 8, 10,91], and as the most basic description of a digital twin, many authors agree that it contains a physical part, a virtual part, and a connection between them [5, 91, 87, 65]. However, the digital twin concept working as merely a descriptive Computer-Aided Design (CAD)-model in the early 2000s is now actionable [89] and the definitions are spread. People tend to classify simulation models as the same as digital twins, however, a digital twin might as well be a simulation model, but a simulation model may not for that matter be a digital twin [94]. A digital twin may look like a simulation but is in fact much more [93]. A simulation model may reflect real-world phenomenon but does not by definition show actions or happenings in real-time which digital twins do [87]. The first definition of the digital twin was given by NASA in 2010 for their air vehicles as "A Digital Twin is an integrated multiphysics, multiscale, probabilistic simulation of an as-built vehicle or system that uses the best available physical models, sensor updates, fleet history, etc., to mirror the life of its corresponding flying twin" [33]. Later, definitions of digital twins concerning other areas than aerospace appeared, covering more general products and production resources [33]. For instance, digital twins are used for planning [87], monitoring, decision support, production optimization [65, 94], testing, controlling states of products or processes [94], and for prediction of real-time behavior. The motivation for using a digital twin is to achieve higher efficiency, economic benefits [37], operation safety, improved product quality and higher productivity [94]. The diversity of application areas has made the definition of digital twins scattered, but not only the fuzziness of the concept as such composes an obstacle for the implementation of digital twins. The collection and management of huge data amounts, predictions related to complex systems, and low synchronization feasibility between the physical and digital world constitute other implementation problems. International Organization for Standardization (ISO) standardization efforts of digital twins in manufacturing are currently being made [94], and the spread perception of the subject has paved the way for clarification and categorization of the digital twin concept. In the coming sections, three modern concepts within the digital twin area from academic literature will be presented.

1.2 Digital Twins & Advance Manufacturing
Industry 4.0 and Cyber-Physical Systems are crucial fundamentals of modern industry. Industry 4.0 aims to construct a universal networked architecture that addresses the interoperability and compatibility issues within and across all levels of the automation systems and factories, thus improving the flexibility and agility of conventional manufacturing. Equally indispensable to smart manufacturing is advanced robotics, which serves as an intelligent agent appearing in every corner of production lines. With the profound research and development of Industry 4.0 and artificial intelligence (AI), digital twin (DT) has drawn growing research attention [1,2,3]. As a digital replica of a physical entity, the basis of DT is the infrastructure and data, the core is the algorithm and model, and the application is the software and service [4,5,6] In recent years, the progressive aggravation of environmental problems, such as carbon emission and nuclear pollution, has required national industries to shift from conventional extensive economic growth to sustainable development. Achieving holistic sustainability commonly requires a balance within the financial, environmental, social and governance dimensions [5]. This increases the costs of manufacturing enterprises and simultaneously raises severe challenges for their organizations and processes. Against this backdrop, AI-powered DT technology is expected to adapt the traditional model-based approaches to the evolving boundary conditions and provide a demand-oriented, real-time capable evaluation basis to efficiently support decision making in multi-objective problems. There is already much research that discusses and characterizes DT from the view of general concepts and technologies [1,6,7,8,9,10,11] as well as certain fields, without targeted focus on AI, this novel enabler, i.e., product design [12,13], modeling and simulation [14], fault diagnostics and prognostics [15]. Practically, different engineering application scenarios have separate challenges and concerns. The grounding of DT and AI is even more dependent on the systematic and in-depth integration of domain-specific expertise. Currently, there is still a lack of comprehensive industry-oriented review of “AI + DT” technologies in the context of sustainability and circular economy.

1.3 Research Aims & Objectives
The primary aim of this research is to investigate and evaluate the role and benefits of digital twins in industrial or manufacturing processes and to provide a high level of understanding and new knowledge on how the twins help to achieve industry 4.0 and / circular economy goals by conducting detailed performance analysis. This analysis would further investigate topics such as predictive maintenance, anomaly detection, optimized operation and efficiency, data accuracy etc. Since digital systems are gaining attention from all angles it is assumed that conducting detailed research on such systems in the context of advanced manufacturing / industry 4.0 would be extremely helpful to understand how such systems can contribute to smart manufacturing. Since digital twin is an umbrella term, it is also giving an opportunity to understand how other important technologies are successfully integrated to the mother twin. Even though not yet fully realised, manufacturers are gaining a better understanding of the advantages of digital twin technology in their operations. The adoption of digital technologies has proved significant changes and improvements in several industrial sector particularly in production and manufacturing industries. But we may need to understand the correct use of this technology and how this technology will help enhance manufacturing operations and address specific problems.

1. To conduct a systematic literature review and develop a theoretical base for digital twins deployments in the industrial applications.
2. To holistically present the current state of the art of research and development of digital twins and critically discuss the existing concepts and approaches.
3. To demonstrate how digital twins are helping to achieve industry 4.0 goals by developing a twin model using available resources. 
4. To provide recommendations for creating digital twins that are supporting the achievement of net zero/ circular economy.

1.4 Research Questions

The research questions are:
1. What are the challenges to design, develop and maintain a digital twin?
2. How can a digital twin help achieve industry 4.0 goals?
3. How can a digital twin help or support circular economy / sustainability?

1.5 Research Title

The title for this research is “Performance analysis of digital twins in advance manufacturing and investigate how twins help to achieve industry 4.0 goals”.	Comment by Irina Neaga: Please insert the same title

2. Literature Review
2.1 Definitions of Digital Twins
It has been almost two decades since the Digital Twin concept came around us in 2002. Since then, many researchers have been defining Digital Twins based on their fields and expertise. Now we have more than dozens of Digital Twins’ definitions. Some definitions are listed below: 

	Author
	Definition

	Glaessgen and
Stargel, 2012
	
An integrated multi-physics, multi-scale, probabilistic simulation of a vehicle or system that uses the best available physical models, sensor updates, fleet history etc., to mirror the life of its flying twin. The Digital Twin is ultra-realistic and may consider one or more important and interdependent vehicle systems.


	Tuegel et al. 2012
	
A cradle-to-grave model of an aircraft structure’s ability to meet mission requirements, including sub models of the electronics, the flight controls, the propulsion system, and other subsystems.


	Sedhai and
Echekki, 2012
	
Ultra-realistic, cradle-to-grave computer model of an aircraft structure that is used to assess the aircraft’s ability to meet mission requirements.


	Lee et al. 2013
	
Coupled model of the real machine that operates in the cloud platform and simulates the health condition with an integrated knowledge from both data driven analytical algorithms as well as other available physical knowledge.


	Reifsnider and
Majumdar, 2013
	
Ultra-high fidelity physical models of the materials and structures that control the life of a vehicle


	Majumdar et al.
2013
	
Structural model which will include quantitative data of material level characteristics with high sensitivity.


	Grieves,2014
	
Virtual representation of what has been produced.


	


Rosen et al. 2015
	
Very realistic models of the process current state and its behavior in interaction with the environment in the real world.


	Rios et al. 2015
	
Product digital counterpart of a physical product.


	Bielefeldt et al.
2015
	
Ultra-realistic multi-physical computational models associated with each unique aircraft and combined with known flight histories


	Bazilevs et al.
2015
	
High- fidelity structural model that incorporates fatigue damage and presents a complete digital counterpart of the actual structural system of interest.


	Schluse and
Rossmann, 2016
	
Virtual substitutes of real-world objects consisting of virtual representations and communication capabilities making up smart objects acting as intelligent nodes inside the internet of things and services


	Canedo, 2016
	
Digital representation of a real-world object with focus on the object itself.


	Gabor et al. 2016
	
The simulation of the physical object itself to predict future states of the system.


	Schroeder et al.,
2016
	
Virtual representation of a real product in the context of Cyber-Physical Systems.


	Kraft, 2016
	
An integrated multi-physics, multi-scale, probabilistic simulation of an as-built system, enabled by Digital Thread, which uses the best available models, sensor information, and input data to mirror and predict activities/performance over the life of its corresponding physical twin.


	Bajaj et al. 2016
	
A unified system model that can coordinate architecture, mechanical, electrical, software, verification, and other discipline-specific models across the system lifecycle, federating models in multiple vendor tools and configuration-controlled
Repositories


	R. Stark et al.
2017
	
Digital representation of a unique asset that compromises its properties, condition, and behavior by means of models, information, and data


	El Saddik 2018
	
Digital replications of living as well as non-living entities that enable data to be seamlessly transmitted between the physical and virtual worlds


	Zhuang et al. 2018
	
Virtual, dynamic model in the virtual world that is fully consistent with its corresponding physical entity in the real world and can simulate its physical counterpart’s characteristics, behavior, life, and performance in a timely fashion.


	Y. Xu et al. 2019
	
Simulates, records, and improves the production process from design to retirement, including the content of virtual space, physical space, and the interaction between them.






Among these the most accepted definition of the Digital Twin was given by Glaessgen and Stargel in 2012 [89] ; “Digital Twin is an integrated multi-physics, multi-scale, probabilistic simulation of a complex product and uses the best available physical models, sensor updates, etc., to mirror the life of its corresponding twin”. In general, researchers are defining the Digital Twin by dividing it into components like a physical object, and a digital replica, and their interactions. The physical object in the Digital Twin system can be a real object, device, machine, service, or any intangible asset and the digital replica is the digital representation of those objects or assets and the system creating interaction and collaboration between these entities is a Digital Twin system [82]. The Digital Twin system while updating the information of the physical object to the digital object, enables us to maintain an elevated level of synchronization and precision. Also, the Digital Twin system is a self-evolutionary system, so it uses the computers and their networks to undergo dynamic modification through communication and interaction [77]. It evolves by integrating currently available and commonly required data and knowledge with the real project throughout the life cycle of that project [34]. Recently, we can see that the definitions of Digital Twins are guided by the accuracy of a digital object. Grieves himself describes the virtual twin as accurate “from a micro-atomic level to the macro-geometrical level” [82]. Also, the recent publications are defining the concept of Digital Twin based on data and data systems like Digital Twin as a data mapping technology or a real-time data acquisition technology, and a data-based prediction technology which can make the union between the physical product and virtual space a reality [42]. “Digital Twin can simulate the behavior of physical entities in the real environment with 7 digital virtual models by playing a role as a bridge connecting the physical model and the information model through virtual and real interactive feedback, data fusion analysis, and decision-making iteration optimization” [43]. It maps, records, simulates, predicts, and manages the running track of the life cycle of objects in the physical world and digital virtual space. 
2.2 Types of Digital Twins
Digital twins are commonly divided into subtypes that sometimes include digital twin prototype (DTP), digital twin instance (DTI), and digital twin aggregate (DTA) [11]. The DTP consists of the designs, analyses, and processes that realize a physical product. DTP existed before there is a physical product. The DTI is the digital twin of each individual instance of the product once it is manufactured. The DTI is linked with its physical counterpart for the remainder of the physical counterpart's life. The DTA is the aggregation of DTIs whose data and information can be used for interrogation about the physical product, prognostics, and learning. The specific information contained in the digital twins is driven by use cases. The digital twin is a logical construct, meaning that the actual data and information may be contained in other applications.
[image: A two airplanes in the water

Description automatically generated with medium confidence]
Fig 3 : The three elements of Digital Twin (www.Techtarget.com)

A digital model is referred to as a digital representation of either a planned or an existing object, where no automated data exchange between the physical and the virtual counterpart exists [37]. It is described that the data exchange between the objects is managed manually, as visualized in Figure 4. The digital copy will not be affected by changes made on the physical object or vice versa [37]. An example of a digital model is today’s offline simulation models [87].
2.2.1 Digital model
A digital model is referred to as a digital representation of either a planned or an existing object, where no automated data exchange between the physical and the virtual counterpart exists [38]. It is described that the data exchange between the objects is managed manually, as visualized in Figure 4. The digital copy will not be affected by changes made on the physical object or vice versa [38]. An example of a digital model is today’s offline simulation models [89].

[image: ]
Fig 4 : The data flow in a digital model is managed manually between the physical and virtual counterpart [49]
2.2.2 Digital shadow

The term digital shadow, having a higher level of data integration between the physical and virtual object, is built on the premises of the digital model with the addition that there is an automatic one-directional data flow from the physical object to the digital counterpart [38], while the data flow from the digital part to the physical part is managed manually. As visualized in Figure 5, a change in the physical object implies a change in the digital copy, but not the other way around [38]. A digital shadow can be exemplified by a simulation model fed with real-time input data from sensors [89].
[image: A diagram of a computer hardware flow
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Fig 5 : The data in a digital shadow is automatically transferred from the physical part to the digital part but managed manually in the opposite direction [49]


2.2.3 Digital twin

Expanding the level of data integration further, a digital twin can be achieved if the data exchange is digital and bidirectional between the existing, physical object and the digital object [38]. This completely integrated data exchange, as visualized in Figure 6, results in those changes made to the physical object also change the digital counterpart and vice versa [38]. A digital twin in this context could be a simulation model fed with real-time input data from sensors, which also updates process parameters or parameters of equipment in manufacturing for instance [89].
[image: A diagram of a digital object
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Fig 6 : The data in a digital twin is automatically transferred from the physical object to the digital object and vice versa [49]

Although there is no standard categorization of Digital Twin, they have been categorized based on how or where they are implemented. Like if they are used in manufacturing then it is Manufacturing Digital Twin [52] or in smart cities then Smart Cities Digital Twins or in the supply chain then Supply Chain Digital Twin or in networking then Networking Digital Twin and so on. Among these Siemens (2021) has tried to standardize the classification of a Digital Twin as Product, Production, and Performance Digital Twin. Also, in the manufacturing industry, they have categorized Digital Twins as Product, Process, and Operational Digital Twins [42]. Some of the researchers have also defined the Digital Twin as strategic (i.e., customer), organizational (i.e., new processes and practices), and cognitive (i.e., how people work) Digital Twin [31]. Also, some have classified it as a product, process, and system Digital Twin [42]. Among these, the most repetitive classification of a Digital Twin is Product, Production (Process), and Performance (Operation or System) Digital Twin. Product Digital Twin can be defined as a Digital Twin used for an efficient design of a product and this helps us to analyze how a product performs under various conditions and makes an adjustment in the virtual world to get the final product as we planned. Production or Process Digital Twin is a Digital Twin that helps us to know the best way to run a process in each condition and develops a production methodology that stays efficient under a variety of conditions. Performance or Operation or System Digital Twin is a Digital Twin that analyzes operation or any system and then provides actionable insight for informed decision making.

2.3 Components of Digital Twins
Primarily, the Digital Twin has been categorized into three major components. They are physical objects or products, then their virtual product in the virtual space and the connection of data that connects the loop between physical and virtual products [39]. The first and foremost component of Digital Twin is the physical entity or asset. This component is the major source for data acquisition. The process of acquiring data starts from the designing and planning phase of the physical asset. Then it continues through construction to the life cycle management of that asset. During this time frame data is collected by using sensors, tags (QR codes, RFID, etc.), laser scanners, CCTV, GPS, etc. All the required data like engineering, operation, and behaviour data are collected from different sources throughout designing to lifecycle management of the physical assets. The physical object can be any object, machine, device, building, utility, infrastructure system or city, or even a nation. 
Another component of Digital Twin is the virtual entity. This is the major component of the Digital Twin concept. It is the “twin” object of the physical asset consisting of all the data acquired. This component is equipped with data storage and visualization. This component helps us to convert data into information which are useful for different stakeholders of the project. It presents the collected data in a more interactive and accessible way. For example, a 3D model with the real-time data of a building that is used for maintenance. The last component of Digital Twin is the one that connects these two physical and virtual entities which can be cloud-based system or automated systems or machine learning system which integrates the data. This component is involved throughout the process of data flow of Digital Twin. It will help us to acquire the data then manage and analyse them and finally visualize them. It is the component solely responsible for us to help in the informed decision-making process. 
Then the virtual entity is their representation in virtual space as a model. These digital models can be further categorized as representational models and computational simulation models (Digital Twin Consortium 2020). “A representation model is the one that only represents the states of entities or processes whereas a computational simulation model is the executable model of a process that consists of algorithms and data that input and output representational models” (Digital Twin Consortium 2020). Then the connection between these physical products and virtual products is a system that creates the interaction and collaboration between these products [82]. 
The Gemini Principles explained that the Digital Twin must represent physical reality with utmost accuracy to serve the purpose of the Digital Twin system [68]. To achieve that reality, it divided the Digital Twin into three essential elements as data, model, and visualization. The first element data is focused on the quality of data on which the twin is going to be based. We need to have clean data to achieve accuracy. Then the second element is the model which should validate our assumptions with the use of the algorithms and digital representation. Then the final element is the visualization which should have the maximum quality while presenting the output. 

[image: ]
Fig 7: Components of Digital Twin (www.erp-information.com)

Also, some researchers have [14] divided the Digital Twin system into four essential elements. They are modelling or simulation, data collection, interaction and collaboration and finally providing service. The first element of the Digital Twin is the modelling or simulation of a physical object to the virtual space creating the virtual entity. The second element is collecting the data from the physical entity and converging it to the virtual entity. The third element is the interaction or collaboration of these physical and virtual entities with their connection to the data system. The fourth and final element is to provide the service through the virtual entity as a final product [14].
A survey conducted by the research team [100] asked their participants to explain the Digital Twin platform or solution regarding the components of Digital Twin. The respondents could choose between four options, including, not applicable (meaning that based on the target users, the intended component is not needed), not included (meaning that the intended component may be needed but currently not provided by the tool), compatible (meaning that the intended component is not currently provided by the tool but the tool is compatible with other digital technologies that contain the component), and included (meaning that the intended component is provided by the tool). 
The survey result indicates that most Digital Twin solutions include the basic components of data acquisition and integration such as Information storage and management, Data aggregation and integration, as well as a model federation. The inclusion rate of data analytics components is tangibly lower and is widely dependent on the type of data analytics. The simulation-based analysis is the most conventional type of analytics while AI/ML-based predictive/prescriptive analytics are less included (about 20% of Digital Twin solutions). The research team got the responses as shown in the figure below:

[image: ]
Fig 8: Component participation survey [100]
Regarding the data visualization, 2D/3D visualization is the most included component followed by report generation while immersive visualization (AR/VR) is significantly less included. About the Digital Twin components related to decision-making, real-time monitoring, and control, and rule-based automation are more commonly included while few Digital Twin solutions (less than 20%) provide components like AI-based optimization and autonomous decision making. The interview result also shows that components used for data visualization like 3D models are the most used component in the industry. Most of them responded as Revit models are used for data visualization as well as data acquisition too. Also, data can be acquired and stored in simple pdf or excel format but there are problems in having the real-time data in this type of source and, it’s difficult for analysing these data. AI/ML can be more efficient in data analytics, but they are not widely used by some industry as they are still using the conventional method to analyse the data. Also, a lot of industry professionals are saying that new software for implementing Digital Twin technologies is not user-friendly and is difficult to learn.
Overall, there are three major components of the Digital Twin system namely the physical object and its digital replica and the connection between them. But when we try to detail the 33 components that are essential for Digital Twin there comes the system of data. Like what components do we have for data acquisition or management or analytics and for visualization? Machine learning and artificial intelligence technologies have also been found to be used in the manufacturing industry for data analytics and an advanced tool like AR/VR has also been used for visualization purposes. But these technologies are very advanced and expensive to use by simple organizations. Also, they are not that easy to learn. So, these types of technology are found to be taking time to take over the construction industry.

2.4 Characteristics of Digital Twins
Digital twin technologies have certain characteristics that distinguish them from other technologies:
2.4.1Connectivity
One of the main characteristics of digital twin technology is its connectivity. The recent development of the Internet of Things (IoT) brings forward numerous modern technologies. The development of IoT also brings forward the development of digital twin technology. This technology shows many characteristics that have similarities with the character of the IoT, namely its connective nature. Primarily, the technology enables connectivity between the physical component and its digital counterpart. The basis of digital twins is based on this connection, without it, digital twin technology would not exist [30, 36]. As described in the previous section, this connectivity is created by sensors on the physical product which obtain data and integrate and communicate this data through various integration technologies. Digital twin technology enables increased connectivity between organizations, products, and customers [42]. For example, connectivity between partners and customers in a supply chain can be increased by enabling members of this supply chain to check the digital twin of a product or asset. These partners can then check the status of this product by simply checking the digital twin. Servitization is the process of organizations that are adding value to their core corporate offerings through services [43]. In the case of the example of engines, the manufacturing of the engine is the core offering of this organization, they then add value by providing a service of checking the engine and offering maintenance.
2.4.2 Homogenization
Digital twins can be further characterized as a digital technology that is both the consequence and an enabler of the homogenization of data. Because any type of information or content can now be stored and transmitted in the same digital form, it can be used to create a virtual representation of the product (in the form of a digital twin), thus decoupling the information from its physical form [44]. Therefore, the homogenization of data and the decoupling of the information from its physical artifact, have allowed digital twins to come into existence. However, digital twins also enable increasingly more information on physical products to be stored digitally and become decoupled from the product itself [45].
As data is increasingly digitized, it can be transmitted, stored, and computed in fast and low-cost ways [45] According to Moore's law, computing power will continue to increase exponentially over the coming years, while the cost of computing decreases significantly. This would, therefore, lead to lower marginal costs of developing digital twins and make it comparatively much cheaper to evaluate, predict, and solve problems on virtual representations rather than testing on physical models and waiting for physical products to break before intervening.
Another consequence of the homogenization and decoupling of information is that the user experience converges. As information from physical objects is digitized, a single artifact can have multiple new affordances [45]. Digital twin technology allows detailed information about a physical object to be shared with a larger number of agents, unconstrained by physical location or time [46]. In his white paper on digital twin technology in the manufacturing industry, Michael Grieves noted the following about the consequences of homogenization enabled by digital twins [47]
In the past, factory managers had their office overlooking the factory so that they could get a feel for what was happening on the factory floor. With the digital twin, not only the factory manager, but everyone associated with factory production could have that same virtual window to not only a single factory, but to all the factories across the globe.
2.4.3 Reprogrammable and smart
As stated above, a digital twin enables a physical product to be reprogrammable in a certain way. Furthermore, the digital twin is also reprogrammable in an automatic manner, through the sensors on the physical product, artificial intelligence technologies, and predictive analytics.[48, 52] A consequence of this reprogrammable nature is the emergence of functionalities. If we take the example of an engine again, digital twins can be used to collect data about the performance of the engine and if needed adjust the engine, creating a newer version of the product. Also, servitization can be seen because of the reprogrammable nature as well. Manufactures can be responsible for observing the digital twin, adjusting, or reprogramming the digital twin when needed and they can offer this as an extra service.
2.4.4 Digital trace making
Another characteristic that can be observed, is the fact that digital twin technologies leave digital traces. These traces can be used by engineers for example, when a machine malfunctions to go back and check the traces of the digital twin, to diagnose where the problem occurred [49]. These diagnoses can in the future also be used by the manufacturer of these machines, to improve their designs so that these same malfunctions will occur less often in the future.
2.4.5 Modularity
In the sense of the manufacturing industry, modularity can be described as the design and customization of products and production modules.[50, 51] By adding modularity to the manufacturing models, manufacturers gain the ability to tweak models and machines. Digital twin technology enables manufacturers to track the machines that are used and notice areas of improvement in the machines. When these machines are made modular, by using digital twin technology, manufacturers can see which components make the machine perform poorly and replace these with better fitting components to improve the manufacturing process.
2.5  Uses of Digital Twins
While analyzing the use cases of Digital Twins in the manufacturing industry we can find that the application of Digital Twins is different in the separate phases of the project. In the design phase, we found that the Digital Twin is used for evaluating the performance and feasibility of the designed objects or redesigning the existing physical objects. Then in the production phase, the Digital Twin is used for real-time monitoring, cost and schedule control, logistic management, productivity management, and so on. And in operation and life cycle management, it is used for predictive maintenance, state monitoring, fault detection, and so on [1,3,6]. Now the manufacturing industry is using Digital Twin technology as a smart technology like “smart process, smart operations, smart logistics, smart suppl chain management, smart mobility in production, and so on [25,47]. Also, the different researchers are using different technology with an aim to achieve a Digital Twin in the manufacturing industry. Some industries used it for “anomaly detection and operation and maintenance (O&M) management in an industrial system” [25, 88]. Some developers used the combination of augmented reality and Digital Twin for data communication and education. Some other researchers created a smart city information sharing platform using the Digital Twin concept on geographic information system. The Digital Twin technology can make us able to consider the what-if scenarios along with up to current representations in a smart city [42]. Also, to digitalize the existing building and infrastructure to achieve the Digital Twin of existing asset different researcher has used different techniques to achieve Digital Twin. These various technologies have paved the pathways for using Digital Twin in existing assets too.

2.6 Scales of digital twins
The Digital Twin technology is in its developing phase and different work has been done for the efficient application of the Digital Twin in the manufacturing industry. Studying the literature on Digital Twin, we can conclude that these works have been done on a different scale based on the size of the activity / processes. We can set the scale at a single asset or group of assets. Complex concepts such as ‘smart factory’ uses very large and complex twin models which are essentially a collection of small size models [63, 88] Also, we can see the concept of Digital Twins has evolved as a comprehensive approach to managing, planning, predicting, and demonstrating manufacturing / production assets [47]. Studies show the complexity of data management is increasing when we increase the scale of deployment of Digital Twin. So now researchers are focused on creating suitable tools of data management for implementing Digital Twin on different scale levels with an aim of interlinking these levels.

2.7 Maturity Levels of Digital Twins
Another digital twin concept presented in literature is that of maturity or sophistication levels. The authors behind this classification use four levels for distinguishing between distinct levels of digital twins, ranging from low maturity to high maturity as presented in Figure 2.5. The model on the first level is called pre-digital twin, at the second level is the digital twin, followed by adaptive digital twin and intelligent digital twin [90].
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Fig 9: Digital twins divided into four levels based on maturity levels ranging
from low to high maturity [49]

The pre-digital twin is described as a virtual prototype without a physical counterpart, which could be used for decision support and risk mitigation early in design phases. Moving on to the higher sophisticated digital twin, it has a physical counterpart [92]. Further, it can batch-wise integrate data concerning operations, maintenance, and health status from the physical counterpart. The data exchange is bidirectional, and this kind of twin can be used for improving operations of the physical object and investigate what-if scenarios. The adaptive digital twin also has a physical counterpart, but data is transferred continually in real-time or in batches [94]. The adaptive twin stretches into the "smart world" since it can adapt the user interface for various users and learn individual users’ preferences with the aid of supervised machine learning. The highest maturity level twin incorporates all capabilities of the adaptive digital twin plus unsupervised machine learning. This intelligent digital twin is claimed to have a high degree of autonomy [90].

2.8 Data Architecture of Digital Twin 
The architecture of Digital Twin data is composed of static and dynamic data. The static data are 2D/3D geometry information and associated asset attributes whereas dynamic data are real-time/live data collected from Digital Twin entities like buildings or a city block. These data are acquired and managed in a step compromising the architecture of Digital Twin data. These steps are Data Acquisition, Data Management, Data Analytics, and Data Visualization [95]. 
2.8.1 Data Acquisition
The data for the Digital Twin can be acquired by using different approaches. “Geometric data can be acquired through 3D laser scanning and photogrammetry. Non-geometric data can be collected through other instruments, such as temperature sensors and pressure sensors”. Also, for acquiring data Internet of thing (IoT) is also widely used, which can be defined as “a network of interconnected physical devices, like sensors, drones, 3D laser scanners, wearable and mobile devices, radio frequency identification devices (RFID), which is attached to construction resources to collect real-time data about the operational status of the projects” [38]. Any data in the Digital Twin should be tamper-proof and shared traceably among the participants. Through the literature review, we can conclude that the Manufacturing-IoT integration is increasingly beneficial in several prevalent domains, like operation and monitoring, health and safety management, logistics and management, and facility management [38]. Hence, advance manufacturing offers management platform and information delivery, while IoT provides a flow of real-time data. Accordingly, “it can be envisioned that the synergy between IoT and manufacturing under 5G wireless communication will become the hot spot in future works, which can considerably promote the efficiency of the data collection, data transmission, and data processing based on cloud computing toward smart home, smart city, and smart industry [38, 45]. The technologies like radio-based technologies, tags, or manual methods can be used for acquiring data for automatic or semi-automatic manufacturing approaches. The radio frequency identification (RFID) technology can be used in existing production and manufacturing facilities by installing the tags of RFID on targeted parts of the finished products and using a relevant scanner or reader. These technologies have shown promising opportunities for acquiring the required data for the Digital Twin. However, the process of acquiring data using these technologies is complex and requires trained labour [95]. 
2.8.2 Data Management
According to Deloitte 2017, the Digital Twin concept is primarily focused on the information that will be needed throughout the life cycle of the asset and the management of that information. To increase the importance of these information’s, it should be structured in a reusable way. We can achieve that by creating a common data environment that connects and creates a collaborative environment among different systems of an organization forming a canonical structure of data. This canonical structure enables us to integrate different systems with the Digital Twin creating a standard format of data. Hence having a canonical structure for data management will integrate the Digital Twin with the organization and will not burden it with data management. It may lessen the amount of data that is required to be stored outside of our system [13] which also remove the requirements of managing larger data structures and can enable an organization to use the Digital Twin with more flexibility and continuity to update the Digital Twin (Deloitte 2017). The stakeholders of the industry may be discouraged from sharing data after knowing the value of their data set. But if that is the case then we cannot achieve the Digital Twin because the concept of the Digital Twin is primarily based on data sharing and exchange. Thus, it is critical for us to create an environment of data sharing and data exchange. We should be able to show our stakeholders how sharing the data can increase the value of their data set. The value of the data set can be the added value to their physical assets. Also creating an environment where all stakeholders share the data can lessen the burden on a single organization for data management [95]. 
2.8.3 Data Analytics 
Data Analytics is a major part of the data architecture of the Digital Twin. It is crucial to get the right data at right time for the sustainability of a project. For example, In Europe and Great Britain, almost 77% of rail and road projects had cost overruns above 29% of the estimated cost by engineers [94]. This was because of the lack of the right data at right time for the maintenance and upgrade of those projects. So, data analytics is an important aspect of the Digital Twin, and it plays a vital role in achieving useful information from the data that we have in the Digital Twin system. Also using the machine learning technology in Digital Twin can convert data into useful information and help us to inform the concerned bodies for taking the operational actions. For example, having a Digital Twin with Long Short-Term Memory (LSTM) recurrent neural network models and Genetic Algorithm (GN) or Artificial Neural Network (ANN) based scheduling approaches [95]. These machine learning tools can help us in analysing the data that we have to achieve useful information. 
2.8.4 Data Visualization
The way we visualize the data can enhance the benefit of the Digital Twin application because a better visualization tool can increase the consistency and accuracy of the information we received from our data. For example, using Big Data analytics can provide us with more useful information which can be used in our decision-making process. Also having a Digital Twin simulation for analysing these data can make us more proactive than reactive in our monitoring processes. The different methods of visualization like virtual reality integration can benefit us in the advancement of our organization by visualizing our company strategies and outcome in the virtual world and informing us about our shortcomings in our strategies. This will make us able to plan and deal with what-if scenarios and hence reduces the uncertainty in our plans and methods. Also, the cloud and edge computing integration enable us to visualize data efficiently making us able to analyse a large amount of heterogeneous and semantic data [96].

2.9 Cyber-Physical Systems, Internet of Things & Digital Twins
In a reviewed paper [99], the different concepts of IoT, CPS and digital twins are explained and the interactions between them are presented. According to this model a digital twin is limited to the digital representation of a physical object and is a high-fidelity, living model that updates continuously when its physical counterpart changes. All digital twins exist in the cyber world, but a digital twin cannot exist without its physical copy. The paper also defines CPS as a digital twin with its physical asset together, thus connecting the physical and the cyber world through an object. Moving on to IoT, IoT is the connection of physical assets in the physical world and as illustrated in Figure 10, several physical assets in a facility can be connected through IoT [95].
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Fig 10: Relations of CPS, IoT and digital twins in the physical world and the cyber world [49]

A digital twin is a digital representation of a physical object, CPS refers both to the digital twin and its physical counterpart, and IoT is the connection between physical assets in the physical world

2.10 PLM and Digital Twins
PLM is a concept for seamless, streamlined integration of information from a product, generated through all phases of its entire life cycle including information from related processes [91, 92]. The objective of the concept is not only to have information accessible in the right place at the right time [91], but also to make it available to everyone in an organization and other stakeholders, such as customers and key suppliers [92]. PLM is described as a strategy for businesses to create an environment where the product is central. Furthermore, it is used for knowledge management, it is a way to acquire, represent, regenerate and reuse knowledge of products in an effective manner. The essence of PLM is to through integration of information create a so-called body of knowledge and to ensure traceability. PLM is often seen as a large set of complex IT tools and applications since the knowledge management, the core of the concept, is enabled by technology. The technology and IT infrastructure including software, hardware and internet technologies facilitate creation, transformation and sharing of knowledge along with the product’s life-cycle phases. The PLM concept is seen as a necessity for successful business on the competitive, global market and is used for improving business through reduced time to market, improved innovation processes and reduced errors [91, 92].

2.11 Benefits and Challenges of Digital Twins
The benefits and challenges of implementing Digital Twin go hand in hand. Although it seems challenging to implement Digital Twin, it is also giving lots of benefits to the construction industry. But having a clear vision of challenges that we may face gives us a better idea to prepare strategies for implementing Digital Twin. Also knowing the benefits that we can have by implementing Digital Twin in our organization help us to convince our upper management and owners for implementing Digital Twin. 
2.11.1 Benefits and Opportunities of Digital Twin 
In this modern world keeping track of modern technology is always beneficial for everyone. Digital Twin is the future of the construction industry and being equipped with Digital Twin technology at the right time can make an organization a fortune. The present data and research show Digital Twin implementation can benefit different aspects of the organization which is also increasing the trend of adopting Digital Twin [73]. One benefit an organization can have is cost benefit which is a major aspect in construction or any other industry. Researchers have analysed these benefits in different categories like project lifecycle (planning, design, construction, and operation), impacted stakeholders (contractors, facility managers, etc.), and organizational versus technical product/process benefits. The implementation of Digital Twin can benefit us from conceptual to lifecycle management of a project. In the conceptual or planning phase, it provides an opportunity to access various data sources like past project information, organizational and environmental data, and city or state regulations. It also facilitates owners to express their requirements and speed up the design process. Also, in the preproduction phase, Digital Twin provides an opportunity to carry out value engineering with simulation-based analysis. It enables us to modify the 3D model in the virtual world and analyse the feasibility of the structure and benchmark the expectation of the project performance [80].
Also, in the production phase, Digital Twin provides us an opportunity to have live data on project progress helping us to control and monitor the project cost and schedule. It also enables the automation of project progress reporting, increasing the accuracy of data. At the same time, it will help us to analyse these live data in reference to the past records which is beneficial for planning the next task in the project. It also creates a better planning and coordinating environment for production by having virtual model coordination, site logistics planning, etc., and reducing RFIs, rework and work delays. Digital Twin also provides opportunities for monitoring and detecting safety issues such as building structure failures or alarming safety risks by monitoring construction workers' activities. We can also track down the material or machinery and productivity at the job site by having a Digital Twin system. Also, during project closeout, Digital Twin helps us to prepare a punch list enhancing the process of commissioning and handover [73]. 
Also, in the operation and life cycle management phase, Digital Twin supports the maintenance activities and helps in facility and asset management. The automated and machine learning system of Digital Twin provides an opportunity for real-time monitoring and control. The data from different sensors fitted in the project makes us capable of service life tracking, condition assessment of systems, fault detection, and diagnostics, and optimization of equipment performance and assets’ quality. Digital Twin enables us to increase the efficiency of operation and maintenance systems reducing the long-term operations and management cost. Also, for commercial buildings, Digital Twin facilitates space monitoring and management that optimizes tenants’ experience and employees’ productivity. 
Along with these phase-based benefits, Digital Twin also provides organizational and technological benefits to the project. It can be a source of efficient communication among all the stakeholders involved. It enables a common data-sharing environment which improves collaboration and transparency in a project. It receives and analyses the data from different sources and provides us with useful information which can be used for what-if scenario analysis, case-based reasoning, performance prediction, and prescriptive analytics. This integration helps different stakeholders to make informed decisions and prioritize sustainability throughout the project lifecycle management [80]. 
2.11.2 Challenges of Digital Twins 
Although we have lots of benefits from implementing Digital Twin, it’s equally challenging for us to implement it in the manufacturing industry. One of the major challenges that we have is related to data. This is because the manufacturing industry is still in the process of digitization. People in the industry have recently realized the importance of digitization of the processes and operations for the life cycle and facilities management. So, the digitization process has been started but they are not sure what type of data is required and in what formats the data should be. This uncertainty about data is making it more challenging for implementing Digital Twin. 

2.12 Digital Twins in Advance Manufacturing Processes
The physical manufacturing objects are virtualized and represented as digital twin models (avatars) seamlessly and closely integrated in both the physical and cyber spaces [35]. Physical objects and twin models interact in a mutually beneficial manner.
The digital twin is disrupting the entire product lifecycle management (PLM), from design, to manufacturing, to service and operations [36]. PLM is very time-consuming in terms of efficiency, manufacturing, intelligence, service phases and sustainability in product design. A digital twin can merge the product physical and virtual space [37]. The digital twin enables companies to have a digital footprint of all their products, from design to development and throughout the entire product life cycle [38][12]. Broadly speaking, industries with manufacturing business are highly disrupted by digital twins. In the manufacturing process, the digital twin is like a virtual replica of the near-time occurrences in the factory. Thousands of sensors are being placed throughout the physical manufacturing process, all collecting data from different dimensions, such as environmental conditions, behavioural characteristics of the machine and work that is being performed. All this data is continuously communicating and collected by the digital twin [38].
Due to the Internet of Things, digital twins have become more affordable and could drive the future of the manufacturing industry. A benefit for engineers lies in real-world usage of products that are virtually being designed by the digital twin. Advanced ways of product and asset maintenance and management come within reach as there is a digital twin of the real 'thing' with real-time capabilities [39].
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Fig 11 : Manufacturing Twins [58]

Digital twins offer a great amount of business potential by predicting the future instead of analysing the past of the manufacturing process [40]. The representation of reality created by digital twins allows manufacturers to evolve towards ex-ante business practices [36]. The future of manufacturing drives on the following four aspects: modularity, autonomy, connectivity, and digital twin [20]. As there is an increasing digitalization in the stages of a manufacturing process, opportunities are opening to achieve a higher productivity. This starts with modularity and leading to higher effectiveness in the production system. Furthermore, autonomy enables the production system to respond to unexpected events in an efficient and intelligent way. Lastly, connectivity like the Internet of Things, makes the closing of the digitalization loop possible, by then allowing the following cycle of product design and promotion to be optimized for higher performance [20]. This may lead to increase in customer satisfaction and loyalty when products can determine a problem before breaking down [36]. Furthermore, as storage and computing costs are becoming less expensive, the ways in which digital twins are used are expanding.[38] Implementation challenges such as data integration, organizational or compliance challenges can hinder the implementation of Digital Twins and its benefits [41].

2.13 Applications of Digital Twins in manufacturing
There are several ways to incorporate digital twin solutions into manufacturing. A few examples are listed below. 
2.13.1 Product Design
Digital twins can be virtual prototypes during the design phase and be adjusted to test different simulations or designs before investing in a solid prototype. This saves time and cost by reducing the number of iterations required to get the product into production. 
2.13.2 Process Optimization
Sensors on a manufacturing line can be used to create a digital twin of the process and analyse important performance indicators. Adjustments to the digital twin can identify new ways to optimize production, reduce variances, and help with root-cause analysis. 
2.13.3 Quality Management
Monitoring and responding to data from IoT sensors during production is essential for maintaining top quality and eliminating rework. The digital twin can model every part of the production process to identify where variances occur, or if better materials or processes can be used.
2.13.4 Supply Chain Management
Supply chains and logistics/distribution firms rely on digital twins to track and analyse key performance indicators, such as packaging performance, fleet management, and route efficiency. They are especially useful for optimizing just-in-time or just-in-sequence production and analysing distribution routes.
2.13.5 Predictive Maintenance
Digital twins for individual equipment or manufacturing processes can identify variances that indicate the need for preventative repairs or maintenance before a serious problem occurs. They can also help optimize load levels, tool calibration, and cycle times.
2.13.6 Cross Discipline Collaborations
The ready availability of operational data from digital twins makes it easy to share across disciplines, enabling collaboration, improved communication, and faster decision-making. Engineering, production, sales, and marketing can all work together, using the same data, to make more informed decisions. 
2.13.7 Customer Experience Analysis
Digital twins are often used to collect data over time that deliver insights into product performance, distribution, and end-user experience. This data can be used to help engineers and designers improve the customer response to the product, especially through customization and ease of use.
2.14 Literature Summary & Conclusion
The literature review covers extensive areas of digital twin technologies, advance manufacturing, cyber physical systems. The review focused on the key concepts of technology, its predecessors, current capabilities, and bottlenecks. The review is also providing a solid foundation to address the proposed research questions and hypotheses. 
· History & Background of Digital Twin Technology and its Applications in Advance Manufacturing: This section examines the fundamentals of digital twin technologies including its current capabilities and future scopes. It is exploring various types of twin systems and concepts, it’s components and characteristics. It proceeds to explore the connections between digital twins and cyber-physical systems. A thorough investigation of digital twin deployments in advance manufacturing provides insights into its practical benefits and challenges. In this research, the key consideration is the challenge of integrating digital twins into existing PLM / MES systems, underlining the difficulties in technology adoption and transition. 
· Existing challenges of advance manufacturing & industry 4.0
The aim of this research is to investigate the use of digital twin technologies in advance manufacturing and provide recommendations and solutions based on twin technologies. Challenges such as predictive maintenance, anomaly detection, fault detection, process optimization can be identified, reported, and rectified through digital twin dash boards. Similar methods can be used to achieve sustainability and circularity goals of industry 4.0 by deploying intelligent twin solutions which provides on the spot inference as well as future proofs solutions. 
· Use of existing tools and resources to create digital twins for testing and evaluation: This section deals with the availability and capabilities of tools and frameworks for designing and developing digital twins systems. This research primarily focuses on open-source tools for the design and development but also explore other possibilities to serve the purpose. For e.g. the use commercial tools on a free trial basis.  The main challenge for using these open-source tools is to verify it can create such simulation models. An exploration of existing studies, frameworks, and models provides a snapshot of current understandings and strategies for addressing these challenges. 
· Framework: Addressing challenges for Digital Twin Deployments: The focus here is on designing a framework that address the identified challenges by identifying and analysing the limitations of current twinning methods for advance manufacturing. Within the framework, a comparative analysis is to be conducted on different and low-cost twinning approaches and methodologies, illustrating the strengths and weaknesses of existing tools and solutions. 

In summary, the literature review finds that the digital twin technologies in advance manufacturing and industry 4.0 particularly have tremendous possibilities. The use of cyber-physical systems and AI technologies have created massive changes in the manufacturing sector and digital twins are the new buzz word in the industry. The early versions of twins such as SCADA systems have its limitations in many ways especially dealing with data and data driven solutions. But the use of industry 4.0 technologies such as IoT, Cloud services, AI/ML etc. have significantly improved the scenario and many challenges faced by the early version of twins have improved and matured. The beauty of digital twins are its versatile dash boards which can provide real time updates of the systems and operations. These findings form the basis for the proposed research questions and hypotheses, aimed at addressing these challenges and limitations. 

3. Research Design & Methodology
3.1 Problem Space
This research aims to focus on two problem areas in general.
1. To design, develop and deploy low cost / open-source digital twin solutions for various manufacturing systems. The deployment capability is a key concern because different systems use different hardware platforms and software frameworks. Such systems should have the capacity to integrate different AI/ML models to achieve its research objectives. Since the digital twinning technologies are at its infant stage, many groups are working on viable solutions. There are companies who introduced advance digital twinning software frameworks in the market, but these solutions are expensive. Thus, the researcher intent to use existing low-cost solutions / open-source frameworks to achieve the objectives.
2. How these low cost / open-source solutions can achieve industry 4.0 goals. Here the focus will be on advance manufacturing issues such as circularity, sustainability, and net zero. The common manufacturing key issues such as predictive maintenance, fault detection, optimization etc are considered as part of the problem space considering the facts that fixing / optimizing these issues can lead to the achievement of overall research objectives. Effective use of AI/ML models are vital in this process since the whole twin deployment is based on the data driven model development and analytics. 

3.2 Scope & Key Stages
In this section, the justification for an open-source digital twin framework is established by synthetizing, based on literature review, a set of features that characterize digital twins. The mapping of these features to the functional requirements of an envisioned software environment that would facilitate the construction of digital twin applications is discussed. Moreover, it is described how the present work is motivated by recent developments in closely related fields in the intelligent industrial service space, namely artificial intelligence, machine learning and internet of things. Finally, the chosen constructive research methodology, including the artefact evaluation strategies utilized, is elaborated. The presentation of the thesis will advance in a sequential manner from description of the research problem, establishing the underlying theoretical framework, describing the main features of the developed software, and finally evaluating its performance and discussing the results. This approach is chosen merely for convenience, with simultaneously acknowledging that the empirical part of the work has in fact been carried out by following the iterative practices widely adapted in modern software engineering. The primary objective of this research is to investigate how digital twins can help to achieve industry 4.0 / circular economy goals. It is also investigating how the digital versions of physical systems are giving improvement to the processes and functions. The author designed the research is to be divided into three main stages. 

1. Literature Review Stage - To understand the existing digital twin systems, it’s features, functionalities, scope, and limitations.
2. System Design & Development Stage - To evaluate current twin technologies and to do the performance analysis with available resources.
3. Scoping Stage - To investigate how the performance evaluation helps to achieve industry 4.0 goals. To find out the gaps and suggest improvements and future works.

The presentation of the thesis will advance in a sequential manner from description of the research problem, establishing the underlying theoretical framework, describing the main features of the developed software, and finally evaluating its performance and discussing the results. This approach is chosen merely for convenience, with simultaneously acknowledging that the empirical part of the work has in fact been carried out by following the iterative practices widely adapted in modern software engineering.

3.3 Systematic Literature Review
The systematic literature review is a method to identify, analyse and evaluate relevant studies on a specific research question. In this research, the review aimed to map the existing literature on digital twin technologies and advance manufacturing. The review process involved several stages, including defining the research question, developing a search strategy, selecting relevant studies, extracting data, and synthesizing findings. This study is based on an extensive, analytic, transparent, and systematic literature review. Further strategic research design, methodologies and experimental simulations are based and relied on these reviews. 
Literature reviews will include articles, books, conference and journal papers, white papers etc. with relevant standards. The review will primarily focus more on the technical data rather than the theoretical ones. It will be also required to have a fundamental grasp of the theoretical and operational elements of the digital twins. Although, to guarantee that the relevant variables and parameters are utilised during the research's design, execution, and analysis stages.

3.4 Case Study Analysis
Case study analysis is a research method that focuses on investigating a phenomenon within its real-life context, using multiple sources of evidence. In this study, case studies are being employed to explore how digital twin technologies are being implemented in advance manufacturing systems. The selection of case studies was guided by their relevance to the research topic and the availability of detailed information on the implementation process. Multiple data sources, such as company reports, industry publications, hardware and software log data were collected and is being analysed. The case study analysis offered an in-depth understanding of the practical implications of digital twin technology in advance manufacturing and helped to identify potential mitigation strategies for digital twin challenges.

3.5 Experimental Studies
Experimental computer science is the proposed method to investigate the novelty of this research. The author will experiment by proposing a solution to a real-world problem, and creating a proof-of concept, and then evaluate the solution. This research proposes the use of open-source design and development tools for digital twins to create sample twins to test how data and AI can be used to address key manufacturing problems or vulnerabilities in manufacturing systems. Further literature review will include articles, books, conference and journal papers, and IEEE and other relevant standards. The review primary emphasis will more focus on the technical rather than the theoretical and operational standpoints, as this is the researcher's area of expertise.

3.6 Tools & Resources
Design and execution of the research is proposed and planned with a few useful software which can be used to design, develop, and test various twin models and can conduct performance analysis.  Node-RED is a programming tool for wiring together hardware devices, APIs, and online services. It provides a browser-based editor that makes it easy to wire together flows using the wide range of nodes in the palette that can be deployed to its runtime in a single-click. This software is considered as a key design & simulation tool at this stage for a few reasons. It is open source and easy to install and maintain. It is a browser based graphical programming environment and provides almost all-important features to design and develop twins and dash boards for various processes. We can connect almost all types of hardware with different communication protocols. The node-RED models are also applicable to a broad range of industrial / manufacturing systems / processes. We can also consider other software like Arena Simulation or Visual Components for further simulation or analysis, but they are licensed software and not providing a full twin capacity in real time. Other similar software which are about to release in the coming years can also be considered if its suits to the research requirements. A feasibility study of various software is also planned as part of this research. Microsoft Word and Excel will also be used for more general functions, such as word processing and the visualisation of results. In addition, specialised software, such as LaTeX and Mendeley, will likely be used for the creation and modification of research documentation and research referencing respectively.

3.7 NodeRED software
Node-RED is a programming tool for wiring together hardware devices, APIs, and online services in new and interesting ways. It provides a browser-based editor that makes it easy to wire together flows using the wide range of nodes in the palette that can be deployed to its runtime in a single-click. Node-RED provides a browser-based flow editor that makes it easy to wire together flows using the wide range of nodes in the palette. Flows can be then deployed to the runtime in a single-click. JavaScript functions can be created within the editor using a rich text editor. A built-in library allows you to save useful functions, templates or flows for re-use. The light-weight runtime is built on Node.js, taking full advantage of its event-driven, non-blocking model. This makes it ideal to run at the edge of the network on low-cost hardware such as the Raspberry Pi as well as in the cloud. With over 225,000 modules in Node's package repository, it is easy to extend the range of palette nodes to add new capabilities. The flows created in Node-RED are stored using JSON which can be easily imported and exported for sharing with others. An online flow library allows you to share your best flows with the world.
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Fig 12: NodeRED Flow [43]

Node-RED Flow refers to the connection and sequencing of various input, output, and processing nodes within the Node-RED platform. Each node within a flow performs a unique and specific task. When data is transmitted to a node, the node processes it according to its designated function, before passing it on to the subsequent node in the flow. This system allows for the controlled execution and regulation of a wide range of operations, offering significant flexibility in creating real-time applications. Node-RED flows represent the main mechanism of this visual programming tool. Node-RED has gained significant traction in the Industrial Internet of Things (IIoT) and edge computing sectors. Node-RED's open-source nature and large community have led to the creation of over 4000 connectors supporting a wide range of data sources and protocols such as Modbus, OPC-UA, Siemens S7, and MQTT. Several PLC and IoT vendors have adopted Node-RED as a standard.
This software is a very good open-source tool for the beginners to advance level developers who want to design and develop interesting IoT / Digital Twin dash boards for various purposes. The user can try on different algorithm to test and validate their methods for finding a solution. Integration of AI / ML models is straight forward and easy. Many companies are using this tool for creating dashboards for their advance manufacturing systems. 
[bookmark: _Hlk154667985]3.7.1 Early design experiments with ML models
Node-RED contains a set of nodes which offer machine learning functionalities. Such nodes have a python core that takes advantage of common ML libraries such as SciKit-Learn and TensorFlow. Classification and outlier detection can be performed using this package. These flows create a dataset, train a model, and then evaluate it. Models, after training, can be use in real scenarios to make predictions. Flows and test datasets are available in the 'test' folder. Make sure that the paths specified inside nodes' configurations are correct before trying to execute the program. 
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Fig 13: This flow loads a csv file, shuffles it, and creates a training and a test partition [43]
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Fig 14: This flow loads a training partition and trains a 'decision tree classifier', saving the model locally [43]
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Fig 15: This flow loads a test partition and evaluates a previously trained model [43]
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Fig 16: This flow shows how to use a trained model during deployment. Data is received via MQTT, predictions are made and then sent back [43]

3.7.1 Creating an interactive dashboard in NodeRED
Interactive dashboards can be created using different nodes. The design and development of the board can be based on the requirements and can be changed or updated at a later stage. This is an example of interactive dashboard which can provide details about many key findings or trends. Similar dashboards can be designed based on different data sources and ML models. These are extremely useful to understand current state of play of the manufacturing / production line and suggest improvements at an earl stage. The sustainability, circularity, and net zero concepts can be pulled, monitored, and visualised using the dashboard
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Fig 17: NodeRED Dashboard [43]

3.8 Other Development Tools
There are many digital twin design and development tools are available in market. Most of them are from big organisations and expensive to license and use. MATLAB, Microsoft Azure, Siemens Tecnomatix, Autodesk Digital Twin, SAP Leonado IoT, GE Predix are some examples. Many of the products are offering a free trial version for a limited period. For a bench marking or for a comparison study. These trial versions can be included as part of the research if the time permits. Many researchers, developers and groups are working open-source solutions, but these are at its infant stages. These new solutions or frameworks can be investigated and tested once it is fully packed and deployment ready. Considering our timelines for this research, the ideal way would be to use the existing tools rather than spending more time on other upcoming or expensive versions. 

3.9 Performance Metrics & Evaluation
To evaluate the performance of this research, the researcher is expected to create a digital twin system connected with machines or equipment to collect the data or researcher can also use simulation tools or software to simulate the environment. The collection of data and its critical analysis is important to perform the benchmarking. The researcher can use legacy data or authentic manufacturing data set for benchmarking. The prototype can be simulated and evaluated for further analysis. Upon obtaining the simulation results, a critical analysis of the data will be conducted, examining the strengths and weaknesses of the proposed method. This analysis should consider the performance potentials and any limitations or assumptions associated with the simulation model. Based on this analysis, researchers can provide suggestions for future work, such as refining the proposed method, exploring alternative techniques, or conducting further experiments under different conditions or with different simulation parameters.

4. Conclusion, Progress & Future Direction
4.1 Conclusion
The aim of the work reported in this thesis was to seek out the challenges of advance manufacturing to rectify issues by implementing cutting edge digital twin solutions integrated with AI/data analytics capabilities. Aim also include how these systems will achieve industry 4.0 goals of sustainability, circularity, and net zero. Essence of software tools that could be used to build, run, and evaluate digital twin experiments. The objective was to tackle two distinct research questions, specifically: 
· To design, develop and deploy low cost / open-source digital twin solutions for various manufacturing systems. What kind of standards, theoretical constructs and/or “best practices” are reported to facilitate the development of digital twin solutions.
· How these low cost / open-source solutions can achieve industry 4.0 goals. What features should such a solution entail and how should they be implemented to facilitate real-time solutions for advance manufacturing systems.
During the process, the subject was discovered to be considerably more elaborate than one would think. A major reason is that the very definition of a digital twin varies wildly across different engineering disciplines. For some, even a simple static CAD model could constitute a digital twin, for some it means an extremely accurate dynamic model of some complex machinery, and some authors even include services and other intangible assets as plausible targets for digital “twinning”. Obviously, it follows that only a very narrow segment in the space of all the possible digital twin variants can be appropriately addressed in the scope of a thesis. Regarding the first research question, an initial demarcation was made to strictly consider dynamical models or ensembles thereof. By this, such digital artefacts are referred to that can produce behaviour traces by means of simulation, as opposed to static models which do state the structure, but not the behaviour of an entity. The review of published literature on digital twins revealed that while research activity on the topic has increased recently, most of the published work can be classified as a) ontological discussions on what digital twins are and what are their implications for organizations or b) descriptions of specific applications claiming to be digital twins, with varying interpretations of the term itself. To date, few authors have directly attempted to establish a concise theoretical space on digital twins that could directly be utilized in designing digital twin tools for advance manufacturing systems.

4.2 Progress to date
Since the research topic is vast the time taken for initial literature review became significantly long. Most important objective of this stage was to understand twinning systems and its space in advance manufacturing. Considerable work has been carried out to investigate into the area of tools and resources to understand different frameworks and to enhance the understanding of the subject's complexities and subtleties. The inception of the research was marked by a systematic literature review, constructed with the intent of establishing a comprehensive theoretical base for the investigation. Over 400 papers have been referred and selected around 100 papers as core reference. This review encompasses an extensive walk through of the history, key technology enablers and current capabilities of digital twin solutions in advance manufacturing. The findings have been rolled out into a manuscript which is currently being prepared for submission to an academic journal. Along with the review process, the investigation extended into the exploration of relevant case studies. These case studies have offered valuable practical insights into the research questions and challenges. The primary phase of case studies' analysis has been executed, and more detailed exploration is underway. 
The preliminary works on the experimental simulation, using NodeRED, has been initiated. Small basic patches of software have been designed and tested to understand the basic nodes and workflows of the tool (sections 3.7.1, 3.7.2). An initial set of tests with more complex nodes and capabilities, yet to be conducted, were formulated to ascertain the tool's applicability, and gain a more profound understanding of its interface and functionality. A comprehensive test plan is needed to design to assess the performance of the proposed methods is also being developed. The supervisory team have suggested several strategies for validating and optimizing the simulation experiments, especially for the benchmarking of data sets and use of manufacturing data for performance analysis, which have proven to be immensely beneficial. Additionally, the initial draft of the final thesis is being compiled, and considerable time is being spent for its completion and refinement.

4.3 Future Works
The future scope of this research is directed towards bridging the identified gaps within the literature, primarily through empirical studies exploring real-world digital twin deployments in advance manufacturing systems. Based on the literature review it is concluded that there is also a need for further studies on various twin solutions and its applicability to achieve industry 4.0 goals as outlined in the objectives. This may include testing different AI/ML solutions for the identified problems, testing of various open-source solutions, testing the model with various manufacturing / production systems etc. 

4.4 Schedule of Actions
Below is an outline for the next stage of study: 
Design & Development of a Digital Twin Model / Dashboard (January - February 2024): This stage will focus on the use of different tools and resources to build the twin model, investigate into its current capabilities and functionalities, scope of integration of AI/ML/Data driven models for advance manufacturing.
Experimentation, Performance Analysis and Development of Mitigation Strategies (March - April 2024): This phase involves extensive experimentations, functional analysis of the developed twin systems, analyse its capabilities to integrate industry 4.0 technologies to achieve proposed industry 4.0 goals. Developing comprehensive mitigation strategies for the identified challenges are also considered parallel. The strategies will be devised based on the literature review, case study analysis, and established twin models. Simultaneously, the strategies will be tested using the NodeRED experimental simulation environment. The testing phase will be iterative, with adjustments made based on the results and feedback from the supervisory team. 
Thesis Writing (January 2024 - May 2024): The thesis will incorporate all the research findings, the proposed mitigation strategies, twin prototypes, and the results of the simulation experiments. The thesis will undergo several iterations to ensure its comprehensiveness and clarity. 
Preparation for Thesis Defence (May 2024 - June 2024): Once the thesis is finalized, the focus will shift to preparing for the defence. This period will involve numerous practice presentations and Q&A sessions with the supervisory team. Feedback from these sessions will be incorporated to ensure a robust defence. 
Thesis Defence (June 2024): The final thesis defence will be scheduled for this month. Following a successful defence, revisions (if any) will be made to the thesis as recommended by the examining committee 
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