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𝐜𝐩,𝐚𝐥,𝐢 Specific heat of Aluminium 
EA Exergy analysis  
𝐞𝐢

𝐩𝐡
               Physical exergy of material 

𝐄𝐱𝐥𝐨𝐬𝐬 Exergy loss 
𝐄𝐱𝐌,𝐢𝐧         Input exergy mass 
𝐄𝐱𝐌,𝐢𝐧         Input exergy mass 
𝐄𝐱𝐌,𝐨𝐮𝐭       Output exergy  
𝐄𝐱𝐐,𝐢𝐧 Input heat exergy 
𝐄𝐱𝐐,𝐨𝐮𝐭       Output heat exergy 
𝐄𝐱𝐖,𝐢𝐧         Input exergy work  
𝐄𝐱𝐖,𝐨𝐮𝐭 Output exergy work 
𝐅𝐢𝐧𝐣,𝐢 Injection force  
𝐅𝐂 Clamping force 
𝐡𝟎 Specific enthalpy of environment  
𝐡𝐚𝐥 Specific enthalpy of Aluminium 
IoS Internet of Service 
IoT Internet of Things 
LCA Life cycle analysis 
𝐏𝟎 Environmental pressure 
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𝐐𝐟,𝐢 Energy for melting 
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𝐬𝟎 Specific entropy of environment 
𝐬𝐚𝐥 Specific entropy of Aluminium 
𝐒𝐢𝐧𝐣              Injection surface 
SF Smart Factory 
SM Thickness of the product 
𝐓𝟎 Environmental temperature 
𝐓𝟏 Time of injection in the first phase 
𝐓𝟐 Time of injection in the first phase 
𝐓𝐟               Melting temperature 
𝐓𝐦𝐨             Mould temperature 
𝐓𝐬 Temperature of the ingots at the entry of the furnace 
𝐓𝐚𝐥,𝐢                Injection temperature of Aluminium 
𝐓𝐥 Temperature loss during the injection stage 
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GENERAL INTRODUCTION 
 

1. RESEARCH CONTEXT AND MOTIVATION 
 
Manufacturing enterprises are facing the need to align themselves to the new challenges of the market 
demand: one possible path is to endeavour the new information technologies.  These are facing with an 
array of Industry of the Future challenges: “digital requirements” thus they need to be accurately assessed 
by sound analysis and deep understanding of the operational and technological criticalities in the 
manufacturing operations. 
The Smart Factory (Zuehlke 2010) paradigm has born with the so-called "fourth industrial revolution" in 
manufacturing. It can be synthesized by integrating networks of physical components with control software 
that contribute to the “smartness” of the overall system, for better managing manufacturing processes. 
Smart systems typically are well to support decision making based on sound data. This is why smart systems 
include a variety of technological components, including sensors for signal acquisition, communication 
units for data transmission between components, control and management units for supporting decision 
making, and actuators for performing appropriate actions: the coordinated network  of sensors is here called 
the sensing system. The collaborating computational capabilities are embedded in physical entities that are 
named Cyber Physical Systems (CPS). The Cyber Physical Systems (CPSs) have amplified the possibility 
to sense the world through a network of connected devices. The combination of intelligent systems and 
sensing systems forms a large-scale distributed cyber-physical system, that has enormous potentialities to 
bring smartness into many application areas. CPSs, on the other hand, suffer from a lack of modelling 
techniques for taking into account not only their technological parameters but also their high degree of 
information and functional inter-relationships.  
Another concept associated with the cyber–physical integration is the Digital Twin (DT) (Koulamas and 
Kalogeras 2018). The DT refers to a “virtual” image of a system (a twin) synchronized with the real 
operating scenario, providing as much useful information as possible from this latter, to allow the human 
decision maker drawing sound decisions. This “digitalization” of the reality is an approach that enables the 
virtual replication of the factory to forecast and control real time physical processes. It may allow to connect 
the entire value chain (Ghobakhloo 2018) by merging sensor data acquired from the physical world into 
virtual or simulation-based models. Predicting the system behaviour is thus a matter of running these 
realistic and “up-to-date” models.  
As the complexity of these systems continues growing, the challenge of developing integrated intelligent 
and sensing systems has surpassed the design complexity of their individual components. The main problem 
in the development of smart and sensing systems lies in the complexity of integrating and managing 
different components and technologies. A possible solution to this problem is to formalize the shared 
knowledge and define a modelling approach that helps to design systems regardless of the context. Shared 
knowledge representation is a branch of artificial intelligence that studies the way human reasoning occurs 
and defines symbols or languages (Roschelle and Teasley 1995) for this purpose.  
In this context, the thesis aims firstly at providing an up-to-date picture of the state-of-the-art of main 
features and challenges about CPS and DT design and use, focussing on the different application domains 
and their related technologies. To answer the main questions on how a Digital Twin must be designed and 
implemented, the thesis funds its scientific basis on information, principles and hints derived from a 
systematic scientific literature review. The outcome is then a multi-perspective picture of the Digital Twin 
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paradigm, forming a framework emerging from scientific literature as well as the direct on-the-field 
experience of the authors. 
The thesis aims to identify an approach to formalize data-driven invariant modelling constructs for 
improving the smartness of manufacturing processes and products, involving networked components. The 
idea behind data-driven invariant modelling constructs is to permit the re-use of predefined functional 
patterns for building digital models based on the specific application. The approach makes shared 
knowledge more easily reusable and it is the basis of some standardization efforts. The use also of Multi 
Relational Data Mining techniques, in the specific case of Relational Concept Analysis (Valtchev, 
Missaoui, and Godin 2004), allows the extraction of tacit knowledge embedded in the (big) data coming 
from the analysed processes.  
The thesis proposes a series of modelling patterns (data-driven invariant modelling constructs) for the 
digital transformation of industrial production systems. A prototype for the analysis of a real industrial 
process on a production line at Master Italy s.r.l has been developed to experiment our knowledge extraction 
approach. The resulting tool can exploit existing knowledge and information from real systems to identify 
problems and to propose potential improvements. 
 

2. RESEARCH QUESTIONS AND THE CONTRIBUTION OF THIS THESIS 
 
The thesis defines the following research questions: 
 
RQ1: What are the existing research works on digital twin: ‘Which technologies need to be adopted or new 
ones explored?’ ‘How to design a Digital Twin?’ ‘How to implement a Digital Twin?’ 
 
One of the first steps in our research is to investigate and to define the digital twin paradigm in the context 
of Industry of the Future. We conducted a systematic literature review to identify the context, the 
applications, the functions in product life cycle, the possible architectures, and the components of a DT. 
Next, we intend to combine the different aspects of a Digital Twin and some related issues for developing 
our proposed digital twin paradigm. Hence, we need to link the different approaches related to the digital 
twin modelling for developing a common approach to detect data-driven invariants modelling constructs.   
 
RQ2: How to develop data-driven invariant modelling constructs? 
 
To answer to this question, we conducted a second literature review on model-based, data-driven and hybrid 
approaches to define the contribution positions. The idea is to identify and to formalize invariant modelling 
based on data analysis. The idea is to use, and especially re-use, predefined data-driven constructs for 
building digital models for different applications.  
 

3. THE STRUCTURE OF THE MANUSCRIPT 
 
The Chapter 1 gives an overview of the research context. First, we explore the basic definitions related to 
the concept of smart factory, the different technologies of the Industry of the Future and their application 
in SMEs. Second, we study the state of art of digital twin design and applications. Finally, research gaps 
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are identified to demonstrate why it is necessary to develop an invariant approach based on data-driven 
model constructs. 
In the Chapter 2, the comparative analysis aims at showing the evolution of model-based and data-driven 
approaches over the years for presenting the contribution positioning of the Ph.D. thesis. The idea of the 
thesis is to detect and to formalize data-driven invariant modelling constructs. 
The Chapter 3 defines the approach developed to extract invariant modelling construct based on data 
analysis. 
The Chapter 4 has the objective to prove the quality of the contribution through a real case study. 
Moreover, a Digital Twin prototype has been developed to demonstrate and to apply our data-driven 
invariant modelling constructs on a specific manufacturing process to build a digital twin.  
Finally, a Conclusion discusses the research findings and presents some research perspectives derived from 
this work. 
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CHAPTER 1 – DIGITAL TWIN: A SYSTEMATIC LITERATURE 
REVIEW 
INTRODUCTION 
 
In this chapter, we outline the main concepts related to the Digital Twin. The present chapter concerns how 
to effectively design a digital twin to support the digital transformation of manufacturing enterprises 
domains. First, an overall dissertation to comprehend the digital transformation in SMEs, is presented in 
section 1.1.  In section 1.2 a systematic literature review on Digital Twin is conducted to define context and 
application in 1.2.1, the implementations along product lifecycle 1.2.2, the functions in 1.2.3, the 
architectures in 1.2.4 and the components in 1.2.5. Therefore, an overview of the research gaps is presented 
in Section 1.3 to define the thesis objectives in 1.4. 
 

1.1  DIGITAL TRANSFORMATION IN SMEs 
 
In the past, due to the lack of information technologies, the physical space played the main role on 
controlling the production in shop-floors, leading to low efficiency, accuracy and transparency.  
Until the 20th century, technologies such as computers, simulation tools, Internet, and wireless networks 
introduced a parallel virtual space to virtualize physical assets and to enable the cooperation with assets 
remotely. This has provided a possibility to conduct plans and operations more efficiently and effectively 
(Tao and Zhang 2017).  
Nowadays, with the developments of new generation information technologies (New IT), such as the cloud 
computing, the Internet of Things (IoT), big data, and artificial intelligence (AI), the roles of the virtual 
space are becoming increasingly important. Therefore, the integration, interaction and cooperation between 
the physical and virtual spaces are more active than ever before and it will be an inevitable trend. This will 
create a new potential to improve the current situations and technologies in the fields of design, 
manufacturing, service, etc (Büchi, Cugno, and Castagnoli 2020). 
Various countries are converging on this trend as the next industrial revolution and have proposed related 
national strategies, such as the “Industrie 4.0” in Germany; the “Advanced Manufacturing” or “Smart 
Manufacturing” in the United States; the “e-Factory” in Japan; the “Intelligent Manufacturing” in China; 
the “Industry of the Future” in France, the “Fabrica Intelligente” in Italy and more generally “The Factory 
of Future” in Europe  (Drath and Horch 2014). 
The term Industry 4.0 (I4.0) is referred to the fourth industrial revolution (Harris 1990). The first industrial 
revolution, which occurred at the end of seventeenth century, was driven by the advent of steam engines, 
waterpower and mechanization. The second industrial revolution was driven by the assembly lines, 
pioneered by Henry Ford who first officialised mass production almost a century ago. The third industrial 
revolution, which occurred in the 1970s, was driven using computer and automation in manufacturing 
processes.  Industry 4.0 was announced at the Hannover Messe in 2011 and it is defined as: “Networks of 
manufacturing resources (manufacturing machinery, robots, conveyor and warehousing systems and 
production facilities) that are autonomous, capable of controlling themselves in response to different 
situations, self-configuring, knowledge-based, sensor-equipped and spatially dispersed and that also 
incorporate the relevant planning and management systems”(Kagermann et al. 2013).  
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In the United States, the Smart Manufacturing Leadership Coalition has worked on a new manufacturing 
paradigm, called Advanced Manufacturing or Smart Manufacturing (Yao et al. 2019) which is based 
on the integration of advanced new technologies such as IoT into the manufacturing area to improve 
produced goods and manufacturing processes.  
The National Institute of Standards and Technology (NIST) defines the smart manufacturing as: “Fully-
integrated, collaborative manufacturing systems that respond in real time to meet changing demands and 
conditions in the factory, in the supply network, and in customer needs”. 
The research and development programs related to manufacturing in the U.S. focus on key technology, 
including IoT, big data, data analytics, CPS, system integration, sustainable manufacturing, and additive 
manufacturing to respond to the innovative manufacturing environment (Kang et al. 2016). 
The e-Factory concept from Japan is achieving an advanced use of the industrial internet regarding both 
manufacturing control and data analytics, with the aim of effecting an optimization of productivity and 
energy conservation. 
China is pushing forward its Intelligent Manufacturing initiative, which will drive manufacturing 
business by merging ICT, automation technology and manufacturing technology. The core of the idea 
behind Intelligent Manufacturing is to gain information from a ubiquitous measurement of sensor data in 
order to achieve automatic real-time processing as well as intelligent optimization decision-making. 
According to the European Commission’s (EC) vision (Horizon 2020 program), the Factories of the 
Future (FoF) is a new model of production systems and it should address transformable, networked and 
learning factories, depending on several drivers such as high-performance, extreme customisation, 
environmental-friendliness, superior efficiency of resources, eminent human potential and significant 
knowledge creation (EC 2013). FoF embrace ICT-based production systems with high quality 
manufacturing technologies and intelligent capabilities aimed to optimise the performances with a high 
degree of autonomy and adaptability (Jardim-Goncalves, Romero, and Grilo 2017), toward the creation of 
the collaborative factory of the future (CFoF) (Moghaddam and Nof 2017).  
Although the strategies are proposed under different environments, their common objective is to capture 
the opportunity brought by the seamless integration and fusion of the physical and virtual spaces. 
Computing, communication and controlling capabilities need to be embedded in all types of objects in the 
physical environment. The systems that bridge the cyber-world with the physical world are referred to as 
cyber-physical systems (Rajkumar et al. 2010). 
Cyber-physical system (CPS) (https://pages.nist.gov/cpspwg/) aims at embedding computing, 
communication and controlling capabilities (3C) into physical assets to converge the physical space with 
the virtual space (Monostori et al. 2016).  In this way, the physical space can be integrated, monitored, 
controlled and coordinate by the virtual space in real-time and vice versa (Blume et al. 2014).  
Internet of Thing (IoT) is an important driver for CPS. IoT enables the direct integration of the physical 
and cyber space to form a hybrid communication network where elements interact with each other in real-
time. With the IoT data in all aspects of manufacturing can be collected and be converged continuously 
from the physical to the cyber (Zhu et al. 2010). 
Then through the Internet of Services (IoS), internal and cross organizational services are offered and 
utilized by participants of the value chain. Internet of Services (IoS) is concerned with the systematically 
use of the internet for developing service business model (Becker et al., 2014). 
The implementation of the IoT, IoS and CPS technologies in manufacturing systems enable the 
development of flexible manufacturing systems. Flexible manufacturing systems satisfy rapid changes in 
production volumes and customization.  This type of manufacturing system is known as a smart factory.  

https://pages.nist.gov/cpspwg/
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Smart factory is defined as an intelligent production system which utilizes the integration of manufacturing 
and services. It integrates communication process, computing process, and control process to meet the 
industrial demands (Chen et al. 2017).  CPS, IoT, IoS and Smart Factory are the four main pillars of the 
Industry of the Future paradigm and the related research and technological domains. 
The Industry of the Future paradigm aims to construct a new way of organizing production by setting up 
smart factories (Strozzi et al. 2017), where everything is performed through the interaction and the 
integration of networked manufacturing systems, value networks and value chain (Osterrieder, Budde, and 
Friedli 2019) defined respectively  as vertical, horizontal and end-to-end integration (Posada et al. 2015). 
The Vertical integration denotes the integration of various Information Technology systems at different 
hierarchical levels (e.g. the actuator and sensor, control, production management, manufacturing and 
execution and corporate planning levels) (Pessl, Sorko, and Mayer 2017). 
The Horizontal integration is related to the integration of the various IT systems used in the different stages 
of the manufacturing and business planning processes and involves an exchange of materials, energy and 
information both within a company (e.g. inbound logistics, production, outbound logistics, marketing) and 
between several different companies (value networks) (Weking et al. 2018). 
The End-to-end digital integration refers to a holistic digital engineering view and proposes to close the gap 
between product design and manufacturing and the customer (Product Lifecycle Management) (Tsai et al. 
2001), from the product design and development, through production planning, production engineering, 
production and associated services.  
The potentialities of I4.0 paradigm are to ensure a better flexibility and scalability of manufacturing systems 
through information technologies and industrial automation (Dassisti and De Nicolò 2012), (Brettel et al. 
2014). The design principles of the Industry of the Future paradigm, employed for design smart factories 
or for upgrading existing traditional factories to be smart, are here summarised as follows (Hermann, 
Pentek, and Otto 2016):  

• Modularity is concerned with shifting from mass production models, rigid and inflexible systems 
toward an agile system (Mabkhot et al. 2018). Agile implementation processes provide autonomy 
and flexibility in smart factory implementation (Sjödin et al. 2018). Configure modular technology 
provides opportunities for continuous innovation to manage the complexity of digital systems 
(Sjödin et al. 2018).The factory will move from integral (with high production volume and low 
flexibility) to modular (with middle to high production volume and flexibility) (Yin, Stecke, and Li 
2018) (Chen et al. 2017).  

• Interoperability is the ability of all components of the smart factory including products and human 
resources, to share business information between manufacturing enterprises and customers (Panetto 
et al. 2016). 

• Decentralization enables different components of the smart factory modules, material handling, 
products, etc.) to work independently and make decisions autonomously(Mabkhot et al. 2018). 
System elements (modules, material handling, products, etc.) will make decisions on their own, 
unsubordinated to a control unit. A decision will be made autonomously in real time without 
violating the overall organizational goal. 

• Virtualization enables the virtual replication of the factory to monitor and simulate real time 
physical processes. It allows to create a digital twin of the entire value chain (Ghobakhloo 2018) by 
merging sensor data acquired from the physical world into virtual or simulation-based models.  
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• Service orientation refers to the concepts of Manufacturing-as-a-Service (MaaS) and Product-as-a-
Service (PaaS). MaaS business model is the collective use of a networked manufacturing 
infrastructure to produce products and services (Mabkhot et al. 2018). In the PaaS business model, 
products are delivered as a service or virtualized experience. Factory-as-a-Service (FaaS) is an open 
manufacturing service that promotes personalized production and distributed manufacturing (Park 
et al. 2019). 

• Real-time capability is the ability of the system to respond to changes on time, such as changes in 
customer requirements or the status of the internal production system (e.g., malfunctions and 
failures) (Ghobakhloo 2018).  

The chance to implement “smartness” into the factory is made possible by the widespread diffusion of 
Information and Communication Technologies (ICT) (Nardello, Madsen, and Møller 2017). The key 
enabling technologies 4.0 are here below summarised (Rüßmann et al. 2015):  

• Sensor and Actuator: the sensor is the most basic technology for collecting and controlling data real 
time (Bibby and Dehe 2018) and for .  

• Big data analytics refer to a new generation of technologies and architectures that enable 
organizations to economically extract value through discovering, capturing and analysing very large 
volumes of a wide variety of data (LaValle et al., 2011). Big data analytics enables contemporary 
organizations to better gain value from the massive amounts of information they already have and 
identify what is likely to happen next and what actions should be taken to achieve the optimal results 
(L. Wang and Wang 2016). 

• Blockchain enables transparent, secure, trustworthy and swift public or private solutions 
(Underwood, 2016) (A. G. Frank, Dalenogare, and Ayala 2019). 

• Augmented reality (AR) has been regarded as a highly promising technology that allows for 
visualization of computer graphics placed in the real environment (Alcácer and Cruz-Machado 
2019). AR is commonly used in the description, planning and real-time operation monitoring, fault 
diagnostic and recovery, and training related to industrial products and processes (Doshi et al., 2017; 
Khan et al., 2011). 

• Virtual Reality (VR) provides an immersive, interactive, computer-mediated experience in which a 
person perceives an artificial environment by means of human-computer interaction equipment 
(Yew et al., 2016).   

• Cloud Computing allows access to software and data storage in the cloud representation of the 
internet (Yao, Jin, and Zhang 2015). 

• Collaborative Robots are machines developed for the purpose of performing specific tasks 
autonomously or by means of remote-control commands (L. D. Xu, Xu, and Li 2018). 

• Additive manufacturing or 3D printing denotes the manufacturing technique in which parts are built 
by melting thin layers of powder and adding one layer of material, either plastic or metal, on top of 
another, based on the geometry suggested by Computer-Aided Design (CAD) (Esmaeilian et al., 
2016) (Silva et al. 2019). 

• Simulation and modelling techniques aim to simplify the design, realization and tests of 
manufacturing operations (Kocian et al., 2012). In the smart factories, simulation and modelling 
will be necessary for using real-time data to mirror the physical world in a virtual model, which can 
include machines, products and humans (Rüßmann et al., 2015). 
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The advances and the development of new technologies are largely responsible for the emerging popularity 
of the Industry of the Future concept and its potential use by SMEs. 
Provided the need to encourage and support SMEs to adopt the I4.0 paradigm, it is necessary to clearly 
analyse the complexity to adopt I4.0 technologies and contemporarily its benefits for these kinds of 
companies. The true problems, for the smart factories’ implementation, are related to the nature of the 
SMEs. These are often characterized by poorly formalized processes, by independent and/or legacy 
hardware and software systems and by smaller economical capabilities with respect to large companies. 
Often SMEs lack internal IT competences and the necessary technological knowledge. The critical success 
factor/challenge, for the successful implementation of Industry of the Future in SMEs (Sony and Naik 
2019), is to understand the rationale behind these new technologies, and to define how, when and where 
these could be applied and why these are truly beneficial to the manufacturing industry. 
Small and medium sized enterprises (SMEs) have the difficulty to be highly skilled in applications and 
technologies of Industry of the Future. This is caused by the fact that those companies usually do not have 
the possibility to invest in emerging technologies like an early adaptor, in order not to lose money by 
focusing on the wrong technologies (Faller and Feldmüller 2015). 
Descending from these, a set of requirements were traced for the implementation of the I4.0 paradigm in 
SMEs. These needs were summarised into three main I4.0 solution requirements to meet the SMEs requests, 
and thus to promote their adoption (Dassisti, Panetto, et al. 2017): 

• Minimal invasiveness: I4.0 solutions must rest on (and not replace) the existing systems, hardware 
and software (ERP, MES, SCADA, etc.). 

• Turnkey: I4.0 solutions needs a minimal intervention of the end user at changing the use scenarios, 
i.e. They must embed the necessary knowledge for the different application classes. 

• Extensibility: I4.0 solutions must be flexible for the subsequent interventions, so to support a 
gradual approach; i.e. They must ensure the possibility to reutilize all the components if we want to 
scale up the overall system. 

The following performance main indicators measure the impact of investing in new technologies on SMEs: 
costs, quality, flexibility, productivity (Raymond 2005). Production systems are controlled using 
manufacturing execution systems (MES) (Kletti 2007). A MES is a technological solution that transforms 
data collected on the shop-floor into information to monitor the current conditions of the production system 
in real time.  These technological advancements in sensing and connectivity have enabled SMEs to 
aggregate data from various measurement points (J. Lee et al. 2013) to achieve monitoring, control and 
optimization (Moeuf et al. 2018).   
SME’s need to become quickly suitable to the new market conditions. This has been  proved to  be highly 
dependent on the ability to develop I4.0 competences (Adolph, Tisch, and Metternich 2014). To develop 
employees’ competencies, traditional teaching methods show limited effects (Cachay et al. 2012).  The new 
factory needs the development of problem-solving skills (Schuh et al. 2015) and less physical strength.  
The challenge is to facilitate the learning of new tasks and skills (Ruppert et al. 2018). Human actors in a 
future production scenario will need specific competencies to cope with the new challenges regarding 
technological and organizational developments (Nikolakis et al. 2018). Industry of the Future will lead to 
an increased automation of routine tasks which implies that workers will have to focus on creative, 
innovative and communicative tasks (Romero et al. 2016). It is necessary to stop production so that 
production never stops. It means equipping each machine or assembly lines with a system that support 
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every worker to be able to stop the production process at the first sign of some anomalous condition (Dalle 
Mura and Dini 2019). 
To pursue this objective, learning factories are being developed to support education and training to let the 
industrial participants and employees discover Industry of the Future principles and technologies and apply 
them directly on problems in a real production (Dassisti and Semeraro 2018). The learning factory offers 
to the employees the possibility to analyse and to solve production problems and in this way, it is possible 
to: 

• Collect and integrate internal knowledge 
• Do some field experience and innovate (changing the status quo) 
• Integrate external knowledge 

A learning factory is a real learning environment which allows a balanced relationship in conveying 
specialized theoretical and analytical knowledge as well as hands-on experience (Seitz and Nyhuis 2015). 
A learning factory is an organization dedicated to: 

• Knowledge creation 
• Knowledge collection 
• Knowledge management 

embedded in physical equipment and processes and embodied in people (Leonard-Barton 2000).  
The main goals of learning factories in I4.0 are either technological and organizational innovation (if used 
for research), or an effective competency development (if used for education and training) (Abele et al. 
2015) (Ogorodnyk, Granheim, and Holtskog 2016). Universality, mobility, modularity, scalability and 
compatibility were identified as the first order parameters for ideal classification of a learning factory 
(Wagner et al. 2012). 
During the last years learning factories have already been used during several practical trainings on different 
topics within production processes (e.g. lean management and resource efficiency) (Erol et al. 2016). 
Vienna University has decided to build the Industry of the Future Pilot Factory. It will serve both as a 
research, a teaching and training platform regarding the future production (Baena et al. 2017). Learning 
factories can clearly have a positive influence on students’ performances in comparison with traditional 
teaching. Cachay et al. in (Cachay et al. 2012) examined how the learning factory concept impacted 
students' performance in application. The EAFIT University defines a model to develop the learning factory 
4.0 into an academic context (Simons, Abé, and Neser 2017). Many universities look at an existing 
production line as a starting point in order to implement a learning factory : Aalborg University (Nardello, 
Madsen, and Møller 2017), University of Applied Sciences Darmstadt (Küsters, Pra\s s, and Gloy 2017), 
RWTH Aachen University (Grä\s sler, Pöhler, and Pottebaum 2016). This are equipped with machines, 
materials and tools established to realize real physical products to support research projects about industry 
4.0. 
The IFA Learning Factory at Hannover University (Abele et al. 2015) defines how cyber-physical systems 
in combination with logistic models can improve planning, controlling and monitoring production. Other 
learning factories with focus on aspects of Cyber Physical Production Systems (CPPS) in learning factories 
are for example: 

• CPPS learning factory at Paderborn University (Thiede, Juraschek, and Herrmann 2016). 
• Learning factory at Braunschweig University (Rentzos et al. 2014). 
• Teaching Factory at Patras University (Brenner and Hummel 2016). 

The limits of the current learning factory concepts concerning (Tisch and Metternich 2017): 
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• Resources needed for learning factories. 
• Mapping ability of issues in learning factories. 
• Scalability of learning factory approaches. 
• Mobility of learning factory approaches. 
• Effectiveness of learning factories. 

To overcome these limitations, the physical and virtual environments should be integrated (Wagner,2017). 
That offers new possibilities to transfer digitally created solutions to a real system for supporting employees 
in decision-making process (Terziyan, Gryshko, and Golovianko 2018). 
The digital twin (DT) aims at creating high-fidelity virtual models for each physical entity to emulate their 
states and behaviours with abilities of evaluating, optimizing and predicting (Graessler and Poehler 2017). 
The physical and virtual spaces interact in a closed loop in sync. The DT can be developed for each phase 
of the product life cycle absolving different functions.  
The digital twin in the design stage helps designers to configure and validate more quickly the future design. 
The DT can help decision maker to accurately interpret the market demands and the customer preferences. 
At the manufacturing phase, DT may enable the simulation and thus the decision maker to analyse the 
interactive behaviours among production factors by collecting data from order, design, purchase, 
production planning, manufacturing and product usage stage. The DT can help optimizing and evaluating 
in real time the production planning and the behaviour of the production process. 
At the service stage, DT relies on real time state monitoring and virtual operations such as maintenance to 
predict the remaining life of components or products (H. Lee and Kim 2018). 
The digital twin (DT) can be considered as a focused application of the CPS. CPS and DTs involve the 
integration between the physical and the cyber space. However, DTs focus more on virtual models, while 
CPS emphasize 3C capabilities (computing, communication and controlling). Sensors, actuators and data 
are considered as key elements in CPS, while models and data are the core elements in a DT (Tao et al. 
2019). Sensors and actuators enable the interaction between the physical and cyber worlds and the data 
exchanging. Models play a significant role in DT to interpret the behaviour of the physical system (Tao et 
al. 2019). The next section presents a detailed state of art of digital twin. 
 

1.2  THE DIGITAL TWIN PARADIGM: STATE OF ART OF RESEARCH AND 
TECHNICAL APPROACHES 

 
The basic idea behind Digital Twin is a high-fidelity virtual models of the physical entities having the 
scope of replicating and simulating the states and behaviours of  these latter’s (Grieves 2014), (S. Jain, 
Shao, and Shin 2017), (Bao et al. 2018), (Tao, Sui, et al. 2018), (Zhuang, Liu, and Xiong 2018).  
The concept of using “twins” dated back to NASA’s Apollo program, where two identical space vehicles 
were built to allow mirroring the conditions of the space vehicle during the mission. Professor Grieves at 
the University of Michigan firstly put forward the concept of ‘Digital Twin’ in Product Lifecycle 
Management (PLM) courses in 2003.  At the present, the concept of “digital twin” refers to a holistic digital 
engineering view of the real system which may  be applied to the product design and development, up to 
production planning, including the production engineering, production and associated services (Product 
Lifecycle Management). 
The Digital Twin  is defined, in fact, as a new paradigm in simulation and modelling (Rosen et al. 2015) 
because it extends the use of simulation modelling to all phases of the product life cycle (Garetti, Rosa, and 



Contribution to the Formalization of Data-Driven Invariant Modelling Constructs of Cyber-Physical Systems 20 

 

Terzi 2012), (Rodič 2017), (Glaessgen and Stargel 2012), (Ríos et al. 2015), (G. N. Schroeder et al. 2016), 
(H. Zhang et al. 2017), (Schleich et al. 2017), (Söderberg et al. 2017). 
In the context of the Industry of the Future, virtualization is the design principle that enables the replication 
of the physical  system into its “digital twin” throughout the entire value chain, by merging data into virtual 
models (Hermann, Pentek, and Otto 2016). A closed loop needs to be realized (Alam and El Saddik 2017), 
(Graessler and Poehler 2017), (Yun, Park, and Kim 2017), (Autiosalo 2018), (Nikolakis et al. 2018), (Leng 
et al. 2018) between the physical and virtual worlds through real time data connection (Ciavotta et al. 
2017), (Schluse, Atorf, and Rossmann 2017) (Stark, Kind, and Neumeyer 2017) by collecting and analysing 
data  (Weber et al. 2017) (H. Lee and Kim 2018), (Haag and Anderl 2018) to respond to changes over the 
time. Virtualization, in fact, is heavily dependent upon the real-time data management capability of the 
system (Moreno et al., 2017) (Dassisti, Panetto, et al. 2017). 
The digital twin has been also defined as a Virtual Knowledge System (E. Tuegel 2012), (J. Lee et al. 
2013), (Negri, Fumagalli, and Macchi 2017) (Asimov et al. 2018),  (W. Luo et al. 2018),  (Z. Liu, 
Meyendorf, and Mrad 2018), provided a DT aims to achieve transparency (J. Lee et al. 2013) and to 
overcome the information asymmetry among technology, process and people (Padovano et al. 2018). 
The cycle Observe–Orient–Decide–Act (the O-O-D-A loop), was  defined by Colonel John Boyd, a 
military strategist of the United States Air Force (Osinga,2007). The second O, orient, is the most important 
part of the O-O-D-A loop  since  it refers to the repository of our genetic heritage, cultural tradition, and 
previous experiences. The orientation, in the concept of the digital twin, is represented by the amount of 
data and the fidelity of the virtual model. Its shape the way the digital twin observes, decides and acts. 
Different tools and technologies are available for developing high-fidelity virtual models (Schleich et al. 
2017). They use different techniques, such as simulation and emulation, including distinct functionalities 
(McGregor 2002).    
Simulation capabilities of a DT are provided by a design of its environment allowing  to approximate off-
line the behaviour of the real systems to represent how the system reacts (Law, Kelton, and Kelton 2000).  
It can be thought as a “static feature” of the DT. 
On the other hand,  the emulation refers to the capability  of a  DT to be synchronous with the real system, 
so as it behaves almost similarly to the actual behaviour of the physical system (Ayani, Ganebäck, and Ng 
2018). Accordingly, this feature of DT can be thought as a “dynamic feature”. An emulation model operates 
in a hardware-in-the-loop configuration to perform the same work of the physical system. It provides a 
closer replication with respect to the simulation model (C. G. Lee and Park 2014).  
From the simulation point of view, the digital twin represents a new wave in modelling and simulation 
(Rosen et al. 2015). Simulations tools, such as Plant Simulation from  SIEMENS©  (Vachálek et al. 2017) 
is an example of how a DT can help understanding what may happens according to given situations of the 
real world.  
From the emulation point of view, the digital twin duplicates and imitates the physical system in the virtual 
word. Emulation tools, such Simumatik3D® (Ayani, Ganebäck, and Ng 2018), can thus help to proactively 
understand what has to be done to react modifications in the real world. 
Basically, either the static or the dynamic feature are a what-if analysis, but at different scales in the time 
domain. 
According the literature review, a comprehensive definition of a digital twin proposed here can be: 
 <<An adaptive model that emulates the behaviour of a physical system getting real time data to update 
itself along its life cycle. The digital twin replicates the physical system to predict failures and opportunities 

https://en.wikipedia.org/wiki/John_Boyd_(military_strategist)
https://en.wikipedia.org/wiki/Military_strategy
https://en.wikipedia.org/wiki/United_States_Air_Force
https://en.wikipedia.org/wiki/Genetic_heritage
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for changing, in order to prescribe real time actions for optimizing and/or mitigating unexpected events 
observing and evaluating the operating system profile>>. 
Several studies have been devoted to analysing the DT concept, which results different as the context of 
application changes (aerospace, manufacturing, city management, etc). At the same time, in each context, 
the digital twins have their own specificity as function of the life-cycle phase of the product: namely design, 
manufacturing and service. As a result, each application of DT varies depending on a different perspective 
and needs accordingly. 
As a summary of the wide literature review performed for this thesis, the digital twin paradigm is proposed 
as composed of the following parts: 

1. Context and Application (Where to use DT?) 
2. Product Life Cycle (When DT is developed?) 
3. Functions (Why DT is used?) 
4. Architecture (How to realize and to develop a DT?) 
5. Components (What DT is made of?) 

The digital twin paradigm is shown in Figure 1 to define the contexts, the phases of the product lifecycle 
(design, production and service), the possible functions of the Digital Twin for each phase, the architecture 
and the components. In the following paragraphs, each aspect is detailed. 
 

 
Figure 1: The Digital Twin Paradigm
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1.2.1  CONTEXT AND APPLICATION (Where to use a DT?) 
 
The DT has a series of benefits related to the application domain, such as providing visibility of business, 
accelerating product development, optimizing the operation process, and improving service quality 
(Barricelli, Casiraghi, and Fogli 2019). Principal application domains of the DT developed so far are: 
Healthcare; Maritime and Shipping; Manufacturing; City Management; Aerospace. According to each 
specific domain, the Digital twin can have different purposes, as follows: 

• Digital Twins in Healthcare can be used for capturing and visualizing a hospital system in order to 
create a safe environment and to test the impact of potential changes on system performances. A 
digital twin can be used to predict the outcome of specific procedures. It can determine the better 
therapy option for a specific patient. In healthcare, a digital twin recording data of a person, 
combined with AI models, can provide answers for clinical problems (Bruynseels, Santoni de Sio, 
and van den Hoven 2018).  

• Digital Twins in Maritime and Shipping are used as support for design. The design requires to invest 
significant amounts of time and money in preparing analytical models to perform simulations. The 
digital twin allows to visualize all key components, to perform analyses and calculations, and to 
improve the control of the effects of operation on the ship’s structural and functional components 
(Arrichiello and Gualeni 2019). 

• Digital Twin in Manufacturing involves different application based on the stages across the entire 
lifetime of a product, such as design, production, and maintenance (Dassisti, Giovannini, et al. 
2017). The digital twin can support decision maker to predict an upcoming equipment failure, to 
inform an operator when an asset begins to show signs of non-optimal performance, to improve 
customer experience (Tao, Cheng, et al. 2018) 

• Cities are areas of human settlement, with high population density, complete infrastructure, and 
buildings. Digital Twins, in City Management, improve the urban environment and people’s quality 
of life. The digital twin can simulate people movements and emergency evacuations, modelling 
smart building, road traffic, air quality, infrastructure and circular urban economies. The benefits of 
modelling range from preventive maintenance to operational efficiencies and cost savings. The DTs 
improve services for citizens, and increase safety and security (Mohammadi and Taylor 2017). 

• Aerospace companies have begun utilizing digital twins to accomplish the goal of reducing 
unplanned downtime for engines and other systems. Digital Twins in Aerospace may allow to 
receive advance warning and predictions, but also get a plan of actions based on simulated scenarios 
that consider the weather conditions, the performance of the asset, and several other variables (E. J. 
Tuegel et al. 2011). With the help of digital twins, it is possible to develop and to implement the 
predictive maintenance to increase platform operational availability and efficiency, extend its useful 
life cycle and reduce its life cycle cost. Moreover, DTs are capable of mitigating damage or 
degradation by activating self-healing mechanisms or by recommending changes in the mission 
profile to decrease loadings. 

Digital Twins have attracted strong interests from industries too: GE Predix Platform, SIEMENS PLM, 
Microsoft Azure, IBM Watson, PTC Thing Worx, Aveva, SAP Leonardo Platform, Twin Thread, DNV-
GL, Dassault 3D Experience, Sight Machine, Oracle Cloud. In their views, the DT finds application in the 
context previously explained, as shown in Figure 2, and it has a series of benefits, such as accelerating 
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product development, optimizing the manufacturing processes, and improving customer’s experience 
thorough the enhancement of service quality. 

 

 
 
 
 
 

1.2.2 THE DIGITAL TWIN ALONG THE PRODUCT-LIFE CYCLE (When a DT 
is developed?) 

 
Digital twins provide an effective implementation for realising the end-to-end integration of a system or a 
service throughout the product lifecycle (Cheng et al. 2020). The end-to-end digital integration proposes to 
interconnect and to close the gap between product design, product development, production planning, 
production and associated services (Product Lifecycle Management) (Posada et al. 2015). In principle, out 
of the  literature review, the digital twin in product life-cycle have been applied into the following phases 
(Tao, Cheng, et al. 2018), (Bao et al. 2018): Design phase; Production phase; Service phase. 
 

1.2.2.1 THE DIGITAL TWIN IN THE DESIGN PHASE 
 
Digital twins used in the design phase can guide the designers to iteratively adjust the customers’ 
expectations and improve the design models, achieving personalized design.  
The digital twin for a product design can be applied to the conceptual design, detailed design as well as 
virtual verification (Tao, Cheng, et al. 2018).  
In the conceptual design stage, the digital twin serves to guide designers to formulate functional 
requirements (Tao, Sui, et al. 2018). It can make the communication between customers and designers more 
transparent and faster by using the real-time transmission data (Tao, Cheng, et al. 2018).  In the detailed 
design phase, the digital twin enables simulation tests to ensure that the prototype can achieve the desired 
performance (Wärmefjord et al. 2017). In the virtual verification phase, the digital twin enables to simulate 
and predict the performance of the physical products based on virtual models (Damiani et al. 2018) (Bohlin 
et al. 2017). The digital twin in design stage is designed to generate digital design before the real execution 
(Q. Liu et al. 2018) (H. Zhang et al. 2017). 
 

Figure 2: Fields of Digital Twin Application 
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1.2.2.2 THE DIGITAL TWIN IN THE PRODUCTION PHASE 
 

Digital twins in the production phase aim at real time monitoring and optimization and for predicting the 
future state of the physical twin, thus preventing downtime and failures (J. Lee et al. 2013).  
(Leng et al. 2018) presents a Digital Twin for manufacturing cyber-physical system (MCPS). (Ding et al. 
2019) introduces a DT-based Cyber-Physical Production System (DT-CPPS). MCPS is used for controlling 
the shop floor manufacturing while DT-CPPS for improving the flexibility, controllability and efficiency 
of shop floor manufacturing.  
A digital twin for production control and optimization can analyse the online data collected from the 
physical line for searching the optimal solution to the physical line (Sun et al. 2017) or to complex product 
assembly shop-floors (Zhuang, Liu, and Xiong 2018). It can evaluate autonomously the production real-
time (Vachálek et al. 2017) and optimize the resource allocation (H. Zhang, Zhang, and Yan 2018) 
autonomously (Rosen et al. 2015).  
A Digital Twin reference model for rotating machinery fault diagnosis was developed in (J. Wang et al. 
2018), defining the requirements for constructing the Digital Twin model. A digital twin for hydraulic 
supports (Xie et al. 2019) is built to simulate the actual hydraulic and to support diagnosis and degradation 
analysis. The digital twin finds application also in CNC machine tool (W. Luo et al. 2018) and in smart 
injection process (Liau, Lee, and Ryu 2018) to control the  behaviours of the physical system in real-time. 
Based on these findings, the DT can optimize and elevate the production process to a higher level of 
effectiveness and flexibility. 
 

1.2.2.3 THE DIGITAL TWIN IN THE SERVICE PHASE 
 
The service phase refers to the phases after sale, including the product utilization and the maintenance (Tao, 
Cheng, et al. 2018). In the service phase, Digital Twins can provide value-added services with the support 
of physical simulation and data driven intelligence (Qi et al. 2018) (J. Wang et al. 2018). The Prognostics 
and health management (PHM) is crucial in the life-cycle monitoring of a product. The PHM is an 
engineering process of failure prevention, and predicting reliability and remaining useful lifetime (RUL) 
(Sutharssan et al. 2015). The digital twin (DT) improves the accuracy and efficiency of PHM (Tao, Zhang, 
et al. 2018) or it is utilized for improving the energy efficiency (M. Zhang, Zuo, and Tao 2018). 
(Abramovici, Göbel, and Savarino 2017) introduce a cloud-based Smart Product platform for the 
reconfiguration of Smart Products during the use phase using the concept of virtual product twins and an 
Internet of Things. The conceptual approach is prototypically demonstrated by considering a model 
environment for smart cars, which are temporarily reconfigured during their use phase. 
The digital twin has been developed also for the waste electrical and electronic equipment recovery to 
support the manufacturing/remanufacturing operations (X. V. Wang and Wang 2018). 

 

1.2.3  DIGITAL TWIN FUNCTIONS (Why DT is adopted?) 
 
DTs may evolve over time or change their features according to an ideal life cycle (Macchi et al. 2018).  
The following features/services have been assured to the DT so far based on the life-cycle stage previously 
referred: 

https://context.reverso.net/traduzione/inglese-italiano/autonomously
https://context.reverso.net/traduzione/inglese-italiano/autonomously
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1. Accelerating the product development speed: the digital twin can be used for designing products, 
testing them in real time situations, stipulating how the customer or the end user will use them and 
how the design will complement the product’s environment. One of the biggest issues in the field 
of design is that it is hard to find customers who would appreciate design as much as the designers 
themselves do  (Söderberg et al. 2017). Data from the real machine is loaded into the digital model 
to enable simulation and testing of ideas even before actual manufacturing starts. The digital twin 
can be used to plan, reconfigure the system in response to external changes. 

2. Identifying customers’ needs: performance and customer usage and preferences are reflected in the 
twin, and then feed into the product development process to increase the customer satisfaction and 
market share. Future products can be developed based upon the behaviour of existing products in 
the real world (Tao, Sui, et al. 2018). 

3. Performance optimization and validation: the digital twin helps determining the optimal set of 
parameters and actions that can help maximizing some of the key performance, and providing 
forecasts for long-term planning (Vachálek et al. 2017). The digital twin can analyse performance 
data collected over time and under different conditions (Alcácer and Cruz-Machado 2019), reducing 
unplanned machine downtime, the amount of ‘scrap’ produced in each production line, and 
minimizing costly production quality faults. 

4. Remote commissioning and diagnostics: the digital twin enables the remote visibility and diagnostic 
of the operations of interconnected systems such as manufacturing systems. This allows virtual 
monitoring systems and validation of the current status of production systems (i.e. energy 
monitoring and fault monitoring) (Qi et al. 2018). In addition, by obtaining the user's usage, the 
digital twin can upgrade personalized product functions (Cheng et al. 2020).  

 
1.2.4  DIGITAL TWIN ARCHITECTURES (How to realize and to develop a DT?) 

 
A general and standard architecture of a digital twin was first built by Grieves (Grieves 2014). (Stark, Kind, 
and Neumeyer 2017) characterize the DT as (1) an unique instance of the universal Digital Master model 
of an asset, (2) its individual Digital Shadow and (3) an intelligent linkage (algorithm, simulation model, 
correlation, etc.) of the two elements above  (Kritzinger et al. 2018). An extended five-layer DT is proposed 
by (Tao, Zhang, et al. 2018) and it is composed by: (1) Physical entity (PE); (2) Virtual entity (VE); (3) 
Services (Ss) for PE and VE; (4) Data (DD); (5) Connection (CN) among PE, VE, Ss and DD. Compared 
to Grieves’s architecture, data and services layers were added. 
The five-layer DT architecture developed by (Ponomarev et al. 2017) presents: (1) cyber-physical layer; 
(2) primary processing/store data layer; (3) distributed computing and storage layer; (4) models and 
algorithms layer; (5) visualisation and user interfaces layer. This kind of architecture highlights the data 
storage, the distributed computing and management system as critical parts of the digital twin. An extended 
six-layer DT, is presented by (Redelinghuys, Basson, and Kruger 2019). The layers are: (1) physical 
devices; (2) local controllers; (3) local data repositories; (4) IoT gateway; (5) cloud-Based information 
repositories; (6) emulation and simulation. This structure is more focused on the transmission of data flow 
from the physical system (Layer 1 e 2) to the cloud (Layer 5). 
Although there are various understandings of the DT architectures among researchers and industrial 
practitioners, models, data and connections always play the most important roles in the DT. From the 
computational perspective, the key functionality of digital twin is the combination of physics-based models 
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and data driven models to emulate assets accurately (Kaur, Mishra, and Maheshwari 2020). The IoT system 
carries out real-time data for the synchronization of the virtual twin with its corresponding physical twin 
with the capabilities of geometric assurance, anomaly detection, prediction, prescription and optimization.  
 

1.2.5  DT COMPONENTS (What a DT is made of?) 
 
According to the previous analysis of the architectures, several component types of the DT can be 
encompassed. Provided these perform according to different scopes and functionalities, the concept of 
“layer” can be used to group them, namely sequentially connected: Physical→ Network→Computing.   In 
our view, each layer will thus be characterised by DT components (say, hardware or software technologies, 
models, information structures) with commonalities in their scope of use and interactions, having also 
complementary functionalities. 
 

1.2.5.1 THE PHYSICAL LAYER 
 
This layer includes the equipping of a physical system with sensors that record real-time states (e.g., 
vibration, force, torque, and speed) and working conditions (e.g., environment parameters, loads, and 
control orders) (Ruppert et al. 2018) of the physical systems.   Some key elements for this layer are here 
listed: hardware, data type and Sources, application level. 

1. The hardware shall be made up of sensors, actuators and embedded communication. The IoT system 
carries out real-time data acquisition through its smart gateway and edge computing devices (Gubbi 
et al. 2013). The technologies more used for the acquisition of data for a Digital Twin are: 
• RFID, that allows automatic identification and data capture using radio waves, a tag, and a 

reader (I. Lee and Lee 2015).  
• Wireless sensor networks (WSN) which consist of spatially distributed autonomous sensor-

equipped devices to monitor physical or environmental conditions (Gubbi et al. 2013) (Tan and 
Wang 2010). 

• RFID Sensor networks, consisting of a very large number of nodes for monitoring and recording 
the physical conditions of the environment  (Atzori, Iera, and Morabito 2010). 

 
2. The data type and consequently the data sources can be classified in the following categories (Qi 

and Tao 2018): 
• Internet/Users Data from CRM, E-commerce platforms (e.g., Amazon) and social networking 

platforms (e.g., Twitter, Facebook, LinkedIn, and YouTube), to understand user preference, and 
behaviours. 

• Product data from computer-aided systems like CAD/CAM, CAE, etc.  
• Management data from manufacturing information systems such as MES, PDM, SCM, ERP, 

etc (W. Luo et al. 2018). 
• Manufacturing data including:  

• Operational data from manufacturing equipment such as product data, quality data, 
maintenance data (Dassisti, Semeraro, and Chimenti 2019). 

• Environmental data which affects the physical equipment operations, such as environmental 
pressure, ambient temperature, and moisture level (Cai et al. 2017). 
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Digital twins achieve data integration and data sharing between all production factors and information 
systems in line with the Vertical integration i.e. the integration of various Information Technology 
systems at different hierarchical levels.  

 

3. The digital twin can be applied at different physical levels (Tao et al. 2019): 

• Unit Level: it is a minimum but independent individual, which cannot be further divided such 
as single piece of equipment (e.g., a machine tool or robot arm). It contains a basic closed loop 
of data between the physical and virtual spaces with the abilities of sensing and computing. 

• System Level: it is for example a production system such as a production line, a shop floor, or 
a factory. It is characterized by self-organization, self-configuration, and self-optimization. 

• System-of-Systems Level: it is characterized by enterprises collaborations. The application of 
the digital twin at the system-of systems level can achieve the horizontal integration. It refers to 
the exchange of information across supply chain such as resources management system, 
logistics, marketing, or intercompany value chains (Posada et al. 2015). 
 

1.2.5.2 THE NETWORK LAYER 
 
The role of the networking layer is to connect all components together for sharing data and information 
with other connected components (Da Xu, He, and Li 2014). This layer involves connections and 
interactions amongst physical elements and virtual space.  Some key technologies belonging to this layer 
are: middleware; communication protocol analysis; communication protocol/interface conversion; wireless 
communication; Application Programming Interfaces (API). 

1. The middleware is a software layer interposed between the technological and the application levels. 
The middleware architectures more used in the digital twin is the Service Oriented Architecture 
(SOA) approach. The adoption of the SOA principles allows for decomposing complex and 
monolithic systems into applications consisting of an ecosystem of simpler and well-defined 
components (Gubbi et al. 2013b).  

2. The communication protocol analysis allows two or more entities in the DT to transmit information 
to each other. OPC Unified Architecture (OPC UA) and MTConnect protocols are the protocols 
more employed in digital twin applications to access to data and to transmit its real-time 
(Redelinghuys, Basson, and Kruger 2019). 

3. The communication protocol/interface conversion transforms various communication protocols/ 
interfaces into a unit form. AutomationML is an open standard for a data format based on XML 
allowing the exchange of plant engineering information (Bao et al. 2018) (Drath et al. 2008). The 
AutomationML is used in digital twin to model attributes related to the digital twin. The goal is to 
interconnect the heterogeneous toolchain of digital manufacturing (Um, Weyer, and Quint 2017).  
It is used to exchange data between the Digital Twin and other systems and a methodology for 
communication and exchange of data (G. N. Schroeder et al. 2016) (Talkhestani et al. 2018); 

4. The wireless communication can connect entities in the DT wirelessly, thus improving flexibility 
in data transmission. 

5. The application Programming Interfaces (API) realize the communication between different 
software systems and models in the virtual space. 
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1.2.5.3 THE COMPUTING LAYER 
 

This layer is the virtual layer and it is fundamental for computing and for decisional support and it is one 
of the most addressed in the last years either for the potential innovation or for the strong impact on decision 
support. It can be perceived as a set of “layers” interconnected, which includes data-driven models and 
analytics, physics-based models and application and user interface. 
 

1.2.5.3.1 DATA DRIVEN MODELS AND ANALYTICS 
 
The data layer includes all different types of data  previously defined in physical layer (Uhlemann, 
Lehmann, and Steinhilper 2017). An important task is discovering information in data. Such task requires 
processing a large amount of data. Then the identified information is transformed into knowledge 
understood as information that has been confirmed and can be used to support decision-making (Paśko and 
Litwin 2019). Ackoff differentiates knowledge from data, information, and wisdom (Ackoff 1989) offers 
defining  data, information, knowledge and wisdom (Figure 3) as follow (Rowley 2007): 

• Data are defined as symbols that represent properties of objects, events and their environment. They 
are the products of observation. But are of no use until they are in a useable (i.e. relevant) form. 
The difference between data and information is functional, not structural.  

• Information is contained in descriptions, answers to questions that begin with such words as who, 
what, when and how many. Information systems generate, store, retrieve and process data. 
Information is inferred from data.  

• Knowledge is know-how and it makes possible the transformation of information into instructions. 
Knowledge can be obtained either by transmission from another who has it, by instruction, or by 
extracting it from experience.  

• Wisdom is the ability to increase effectiveness. Wisdom adds value, which requires the mental 
function that we call judgement.  
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Figure 3: The progression from data to information, knowledge, and wisdom (Ackoff 1989) 

 
The knowledge can be tacit and explicit (Nonaka 1994). The tacit knowledge is knowledge that cannot 
easily be expressed in words, such as cognitive skills, beliefs, mental models, and technical know-how. 
Explicit knowledge is knowledge that can be codified and captured in manuals, databases, presentations, 
models, and other media. 
The data sub-layer has characteristics of heterogeneity of data and data sources, volume and speediness. 
According to the characteristics, data preparation and data analysis are the key aspects involved in the layer 
in analysis. 

1. The data preparation process includes data selection, data cleaning, data modelling, data integration, 
and data transformation.  

2. The data analysis includes all data-driven models such as machine learning, pattern recognition, and 
knowledge representation. Data-driven models are designed to extract knowledge from data (Y. 
Zhang et al. 2017). (J. Lee et al. 2014). The digital twin aims to  integrate data across different 
domains (e.g. product, process and logistics) into virtual models (Kusiak 2018). The confidence 
level in the predictions depends on the available historical data (i.e. healthy and failure data) 
(Sutharssan et al. 2015). The data-driven models used in digital twins can be are: 
• Machine learning (Bishop 2016). 
• Neural Networks (G. P. Zhang 2000). 
• Deep Learning (Goodfellow, Bengio, and Courville 2016). 
 

The machine learning refers the ability to give computers the possibility to learn without being explicitly 
programmed (Clarke, Fokoue, and Zhang 2009). It is classified in supervised, unsupervised (Sutharssan et 
al. 2015) and reinforcement (van Otterlo and Wiering 2012) learning  (S. Jain, Shao, and Shin 2017). 
Machine learning techniques used in digital twin are supervised and unsupervised learning.  
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• The supervised learning develops model based on input and output data. The algorithms of this class 
consist of a target/outcome variable (or dependent variable) which is to be predicted by a given set 
of predictors (independent variables) (Tidriri et al. 2016). The application of supervised learning, 
across the digital twin, are for the prediction of system’s failures (Asimov et al. 2018), or for 
prediction of the remaining useful life (RUL) of the physical twin (Z. Liu, Meyendorf, and Mrad 
2018). 

• The unsupervised learning, instead, discovers an internal representation from input data only 
(Sutharssan et al. 2015). It has no target or outcome variables to predict and estimate (Fahad et al. 
2014). It enables to discover similar groups within data, based on clustering techniques (R. Xu and 
Wunsch 2005), (Grira, Crucianu, and Boujemaa 2004). In digital twin, these techniques are used 
for creating autonomously clusters for different working regimes to analyse machine conditions (J. 
Lee, Kao, and Yang 2014).  

Artificial Neural Networks (ANN) and Deep Learning (DL) are computing systems that are inspired by 
human brain (Odom and Sharda 1990). The main scopes in using neural networks and deep learning in 
digital twin (J. Lee et al. 2013) are health assessment, performance prediction (R. Jain and Bhatnagar 2020), 
and fault diagnosis (Y. Xu et al. 2019). The scope is to make complex manufacturing increasingly 
autonomous. 
 

1.2.5.3.2 PHYSIC-BASED MODELS 
 
Belonging to the physic-based models’ sub-layer, the key technologies are: model types, model features, 
and model interoperability. 

1. The model types define the physics-based models and the functions of each model necessary to 
emulate the physical system. Physics-based models compare simulated results with known 
information, represented by mathematical models (Tidriri et al. 2016). A models represent a system 
in terms of logical and quantitative relationships that are then manipulated and changed to see how 
the model reacts, and thus how the system would react-if the mathematical model is a valid one 
(Law, Kelton, and Kelton 2000). The physics-based models are based on a set of different models 
to represent the structure, the behaviour and the interactions of a physical system (Tao, Zhang, et 
al. 2018) (Tidriri et al. 2016). The models can be summarised and classified in: 
• Quantitative model: use of static and dynamic relations among variables and process parameters 

to describe systems behaviour to carry out the detection in real-time (Venkatasubramanian, 
Rengaswamy, Yin, et al. 2003). 

• Qualitative model: use of static and dynamic relations among system variables and parameters 
for describing systems behaviour in qualitative terms (e.g. causalities or if-then rules) 
(Venkatasubramanian, Rengaswamy, and Kavuri 2003). 

Here below we present a list of the most studied and used models for digital twins:  
• A geometric model defining shapes, sizes, positions and assembling  machine components 

is presented in  (Tao, Zhang, et al. 2018) (Xie et al. 2019). It reflects the geometry, the 
kinematics, the logic and the interfaces of the real system (Ayani, Ganebäck, and Ng 2018). 

• A physical model  is presented in (Tao, Zhang, et al. 2018) analysing the phenomena, such 
as deformation, cracking and corrosion. It simulates the physical properties and loads  (Post, 
Groen, and Klaseboer 2009). 

https://en.wikipedia.org/wiki/Brain
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• A behaviour model describes the way the physical system is governed by driving factors 
(e.g. control orders) or disturbing factors (e.g. human interferences) (Tao, Zhang, et al. 2018) 
(Bao et al. 2018).  

• A collaborative information model (Bao et al. 2018) defines how different components 
interact and simulates the collaborative behaviour among several assets.  

• A decision-making model (Bao et al. 2018) makes the model capable of evaluating, 
reasoning, and validating. It consists of variable input, algorithms and a collection of 
constraints and rules. It includes rules of constraints, associations and deductions (Tao, 
Zhang, et al. 2018) and it stores and analyses the running status data, then it makes decisions 
using machine learning algorithm.  

 
2. The model features involve the commonly features for modelling a digital twin. These are:  

• Scalability: it is the ability to provide an insight at different scales (from fine details to large 
systems) (Schleich et al. 2017) (Putnik et al. 2013). 

• Interoperability: it is the ability to convert, to combine, and to establish equivalence between 
different model representations (Schleich et al. 2017) (H. Zhang et al. 2017). 

• Fidelity: it is the ability to describe the closeness to the physical product (Schleich et al. 2017). 
• Dynamicity: it is the ability to reflect real time the physical process and modify autonomously 

itself if the physical system changes. This crucial issue concerns the convergence of the physical 
world with its digital counterpart (Weyer et al. 2016).  

• Modularity: it is the ability to integrate, to add, or to replace models (Guo et al. 2018) The idea 
behind this approach is to use and especially re-use predefined functional units (Semeraro, 
Lezoche, et al. 2019), that are systematically developed and logically interlinked for the 
configuration of a holistic manufacturing system (Stark, Kind, and Neumeyer 2017) (Negri et 
al. 2019).  

 
3. The model interoperability is a critical aspect for the exchange of dynamic models and for Co-

Simulation. Functional Mock-Up Interface (FMU) standard is commonly used in digital twin to 
solve this problem (Negri et al. 2019) (Schluse et al. 2018). FMU is an open standard for 
exchanging dynamical simulation models between different tools in a standardized format and for 
co-simulation (Blochwitz et al. 2011). FMI standard specifies two different kinds of FMUs:  
• Model Exchange (ME) – ME FMUs. 
• Co-Simulation (CS) – CS FMUs. 

 
1.2.5.3.3 THE APPLICATION AND INTERFACE LAYER 

 
In DT, applications export all the system’s functionalities to the final user, enabling direct interactions 
between the digital twin and users. This layer exploits all the functionalities of the network and computing 
layers. In this layer, the DT can be combined with the virtual (VR) or augmented (AR) reality technologies 
to create interactive and immersive environments (G. Schroeder et al. 2016). 
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1.3 RESEARCH GAPS FOR THE DIGITAL TWIN  
 
According to the analysis performed above, a generalisation of the Digital Twin can be figured out. A 
generic DT can be thought as consisting of several components organised into three main layers above 
recognised:  

1. The physical layer, consisting of entities identified based on the stage of the product life cycle. 
2. The network layer, connecting the physical domain to the virtual one. It shares data and information.  
3. The computing layer, consisting of virtual entities emulating the corresponding real entities, 

including data-driven models and analytics, physic-based models, application and user. 
The design criteria of the DT are not well assessed or even standardised. These are the more critical aspect. 
At the same time, the core capabilities provided by a generic digital twin are: 

1. To Emulate:  see, update, conceptualize. 
2. To Think: compare, reason.  
3. To Act: inform, decision support. 

 
For the grace of this generalisation, we envision the following potential future research topics: 
Research issue #1.  
NEW BUSINESS OPPORTUNITIES 
Most of digital twin applications refer to a single phase of a product life cycle, and they seem to be used 
for standard existing processes. There are, on the other hand, for instance, currently relatively few 
applications of digital twin for supporting network enterprises. The digital twin could potentially connect 
products, persons, machines, and enterprises within the virtual space. The digital twin can potentially help 
to integrate even the entire supply chain, throughout all phases of product life cycle. These potentialities 
may thus help to create or develop new scenarios or new business models for enterprise cooperation.  
 
Research issue #2.   
EVOLUTIONARY FEATURES (Adaptability, maintainability or flexibility over time). 
The digital twin can be developed for different functions in each lifecycle phases based on the context or 
field of application. The Digital Twin should evolve synchronously with the real system along its whole 
life cycle. The DT is typically applied in contexts characterized by uncertainty and complexity, where the 
working conditions may vary depending on external and internal factors. The DT should have the ability to 
modify its initial configuration and to adapt itself to the current situation. The research issues should 
concern the criteria to design digital twins able to autonomously evolve, adapt, scale and/or reconfigure 
itself. 
 
Research issue #3.   
INTERACTION FUNCTIONALITIES 
Existing Digital Twin applications are mainly developed for prediction purposes and used for decision-
making support for human decision makers. The services assured by DT may vary depending not only on 
technologies available but also on its conception:  say architecture, component interaction.  Indeed, the 
unexplored field of research is the potentialities of synergy between components’ features and 
functionalities, provided technologies are quite new and unexplored. The interaction between components 
is a critical design aspect.  This interaction can modify the internal structures of the architecture in terms of 
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properties or functionalities. The provided connections amongst components not necessarily assure an 
orchestrated functionality. 
 
Research issue #4.  
DT ARCHITECTURE 
The DT consists of a set of models with complex structures and behaviour, that reflect the real-time 
operations of the physical system.  
The lack of a reference architecture is almost well assessed (Lu et al. 2020). The lack of a univocal definition 
of a Digital and an univocal reference architecture leads to develop Digital Twin solutions using different 
technologies, interfaces, and communication protocols, models and data. Standard Digital Twin solutions 
should be developed to provide design criteria and design constraints where reference architectural aspects, 
reference information model and communication protocols are clearly defined.  
There are applications where data-driven models and physic-based models are merged and others where 
these are used separately. It depends on the functionality for which the digital twin has been realized. It 
means that it is necessary to clarify the functions that the digital twin can fulfil.  This may allow to identify 
the manufacturing components that shall be present in digital models and consequently, to define which 
types of models and which modelling techniques to use. 
The interoperability and accuracy features are assured by an appropriate modelling, in order to provide an 
accurate virtual replica of the physical system and to achieve adequate real-time performances. At the same 
time, the modularization principle needs to be explored to improve the modelling efficiency: this would 
enable to improve the flexibility and reusability of digital twin towards different applications. 
 
Research issue #5.  
DT INVARIANT MODELLING 
The product and production system are becoming increasingly complex, as the number of their components, 
frequency of market demand changes and need for related innovation increase. To manage the complexity, 
digital representations constitute a major challenge in improving the accuracy of existing and future 
simulation and emulation tools. A digital representation, hence, a digital twin, bridge the gap between the 
physical and virtual system improving and supporting the decision making (Estefan 2007). 
The digital twin requires the building and the applying digital models representing the set of resources and 
processes knowledge. Modelling such digital copy of the physical system to perform real-time validation 
and optimization is quite complex and thus needs a big amount of data and some modelling patterns 
representing the operational semantics of the modelled elements.  
However, it is hard to construct an accurate model by using traditional model-based approaches because of 
the complexity of the systems (J. Lee, Bagheri, and Kao 2015). On the other hand, recent advances in sensor 
technology (Dassisti, Panetto, et al. 2017) have enabled significant growth of data collection and analysis, 
leading researchers to focus on data-driven methods. Generally, the modelling action has a specific 
application type. For this reason, the core challenge of the digital transformation modelling is to create an 
invariant approach towards different applications.  
 

1.4 SYNTHESIS AND THESIS OBJECTIVE   
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In this chapter, the state of art of digital transformation in SMEs and the digital twin have been explored. 
The state of art aims to demonstrate and to discuss the approaches developed to build a digital twin.  
The development of accurate and repeatable models is identified as a challenge faced by digital twin 
research domain.  
Based on the review results, the thesis objective is to address and to achieve the invariant modelling of 
manufacturing systems. The next chapter presents a detailed literature review of the existing approaches to 
present the contribution of the Ph.D. thesis.  
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CHAPTER 2 – FORMALIZATION OF DATA-DRIVEN 
INVARIANT MODELLING CONSTRUCTS: CONTRIBUTION OF 
THE THESIS 
INTRODUCTION 
 
To address the research gap related to the invariant modelling, the chapter 2 presents an overview of the 
existing approaches in literature with the aim of defining the contribution positioning of the thesis. We 
perform an exhaustive literature review in section 2.1 to identify and to describe model-based approaches 
in section 2.1.1, data-driven approaches in section 2.1.2, the hybrid approaches in section 2.1.3 and design 
pattern in section 2.1.4. Evaluating the research context and the identified limitation, the contribution 
positioning is defined in section 2.2. 
 

2.1  STATE OF ART OF MODELLING APPROACHES  
 
Manufacturing systems requires efficient approaches to model the complexity of industrial systems and 
their related performance requirements. Numerous methods and tools have been proposed and developed 
in the literature with the aim to model complex system. The methods and tools can be distinguish in three 
main approaches: model-based, data-driven, and hybrid approaches that involve models and data (Tobon-
Mejia et al. 2012).  
 

 
Figure 4: Summary of the Approaches 
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2.1.1  MODEL-BASED APPROACHES 
 
A model is a representation of a system for a specific purpose (Konikow and Bredehoeft 1992). A system 
is defined as a collection of entities, e.g., people or machines, that act and interact together toward the 
accomplishment of some logical end (Schmidt 1970). The model is developed to understand and to 
formalize the system (Venkatasubramanian, Rengaswamy, and Kavuri 2003).  
The use of models is the basis of model-driven architecture (MDA). The model-driven architecture (MDA) 
(J. Miller and J. Mukerji 2003) is an approach to design and implement software. MDA is developed by 
Object Management Group (OMG) in 2001 (https://www.omg.org/mda). MDA provides guidelines for 
structuring software specifications that are expressed as models. The MDA approach provides three types 
of models from three different viewpoints: the computation independent model (CIM), the platform 
independent model (PIM), the platform specific model (PSM). 
A computation independent model (CIM) of a system describes the domain and the requirements of the 
system. A CIM consists of a model which captures information about the data of a system (informational 
viewpoint). It does not define the structure of systems. 
A platform independent model (PIM) of a system describes the operation of the system independent of any 
platform. A PIM involves a model which captures information about the data of a system (informational 
viewpoint) and a model which captures information about the processing of a system (computational 
viewpoint), independent of any platform.  
A platform specific model (PSM) of a system describes the operation of the system for specific platforms. 
A PSM includes a model which captures information about the data of a system (informational viewpoint), 
and a model which captures information about the processing of a system (computational viewpoint), based 
on a specific platform. Model are developed in Unified Modelling Language (UML). UML is a standard 
modelling language for visualizing, specifying, and documenting software systems (UML 2005). 
Model-based systems engineering (MBSE) is the: “formalized application of modelling to support system 
requirements, design, analysis, verification, and validation activities beginning in the conceptual design 
phase and continuing throughout development and later life cycle phases” (International Council on 
Systems Engineering (INCOSE) 2007). MBSE is sponsored by the International Council on Systems 
Engineering (https://www.incose.org/) and the OMG Systems Engineering DSIG 
( https://www.omg.org/syseng/). MBSE became a standard practice thanks to the introduction of modelling 
standards such as SysML (ISO/IEC 19514 2017), UPDM (UPDM 2017), Modelica 
(https://www.modelica.org/). In practice, System Modelling Language (OMG SysML) finds large 
applications in MBSE (Madni, Madni, and Lucero 2019). SysML “is a general-purpose graphical modelling 
language for representing systems that may include combinations of hardware, software, data, people, 
facilities, and natural objects” (http://www.omgsysml.org/what-is-sysml.htm). The systems modelling 
language (SysML) refers to a subset of UML 2. The advantage of using SysML as modelling standard is 
the ability to describe the syntax and the semantic behind a system (Weilkiens 2011). SysML provides nine 
interrelated types of diagrams to reproduce and to describe a system defining the requirements, the structure 
and the behaviour for identifying the possible decisions or actions that need to be made. 
 

https://www.omg.org/mda
https://www.incose.org/
http://www.omg.org/syseng
https://www.omg.org/syseng/
https://www.modelica.org/
http://www.omgsysml.org/what-is-sysml.htm
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Figure 5: SysML Diagram (Friedenthal, Moore, and Steiner 2014)   

 
SysML introduces two new types of diagrams compared to UML: the requirement diagram and the 
parametric diagram. Furthermore, it modifies three types of UML diagrams: the block definition diagram 
from the UML class diagram, the internal block diagram from the composite structure diagram of UML 
and the activity diagram. The last four diagrams (use case diagram, package diagram, sequence diagram, 
state machine diagram) are inherited from UML and reused without the addition of extensions.  
The model-based approaches integrate and formalize the physical understanding into a set of models. The 
success of model-based approaches depends on the accuracy, the fidelity and the robustness of the model 
(Friedenthal, Moore, and Steiner 2014). 
 

2.1.2  DATA-DRIVEN APPROACHES  
 
In contrast to the model-based approaches, where a-priori knowledge about the process is needed, in data-
driven approaches, the availability of large amount of historical process data is required 
(Venkatasubramanian, Rengaswamy, Kavuri, et al. 2003) to discover knowledge. 
The process of discovering tacit and explicit knowledge, from a collection of data is called knowledge 
discovery in databases (KDD).  KDD is the process of: “using the database along with any required 
selection, pre-processing, subsampling, and transformations of it; to apply data mining methods 
(algorithms) to enumerate patterns from it; and to evaluate the products of data mining to identify the 
subset of the enumerated patterns deemed knowledge” (U. M. Fayyad, Piatetsky-Shapiro, and Smyth 1996). 
KDD is an inherently iterative process of selecting data, pre-processing it, transforming it into a workable 
form, data mining over it, and interpreting the results (U. M. Fayyad, Piatetsky-Shapiro, and Smyth 1996). 
The knowledge discovery in databases (KDD) scopes are defined by the intended use of the system. There 
are two types of goals:  

• Verification-Driven, known as deductive approach (top-down), where the system is limited to 
verifying the user’s hypothesis. 

• Discovery-Driven, known as inductive approach (bottom-up), where the system autonomously finds 
new patterns. 
The discovery objectives are split into: 
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• Predictive objectives (e.g., classification, regression, anomalies/outlier’s detection), where the 
system finds patterns for predicting the future behaviour. 

• Descriptive objectives (e.g., clustering, association rule discovery, sequential pattern discovery), 
where the system finds patterns from data (U. Fayyad, Piatetsky-Shapiro, and Smyth 1996).  

Data mining is: “a step in the KDD process consisting of applying data analysis and discovery algorithms 
that, under acceptable computational efficiency limitations, produce an enumeration of patterns over the 
data” (U. Fayyad, Piatetsky-Shapiro, and Smyth 1996). 
Given a set of data (e.g., cases in a database), a pattern is defined as: “an expression in some language 
describing a subset of the data or a model applicable to that subset. Given a set of facts (data) F, a language 
L, and some measure of certainty C, a pattern is defined as a statement S in L that describes relationships 
among a subset Fs of F with a certainty c, such that S is simpler (in some sense) than the enumeration of 
all facts in Fs” (Frawley, Piatetsky-Shapiro, and Matheus 1992).  
Data mining approaches are data-driven approaches designed to mine the hidden patterns and knowledge 
through the analysis of a huge amount of historical data (Y. Zhang et al. 2017). The patterns mining methods 
make use of the context data and they unveil the complex coupling relationships.  
The data-driven approaches can be classified in supervised and unsupervised approaches (S. Jain, Shao, 
and Shin 2017) as explained below. 
 

2.1.2.1 SUPERVISED DATA-DRIVEN APPROACHES 
 
Supervised is the task of inferring a function from labelled training data. It aims to build a model that can 
correctly predict the output of an unseen instance by observing a set of labelled instances (Al-Sahaf et al. 
2019). Supervised data mining attempts to explain the behaviour of the target as a function of a set of 
independent attributes or predictors widely  (J. Zhang, Williams, and Wang 2018).  
The principal supervised mining techniques are: classification and regression (Solomatine and Ostfeld 
2008). 

• Classification (Ahmed 2004) technique aims to predict target categories or classes. It is composed 
by a training dataset containing objects (input). Each object is evaluated based on a set of predictors. 
The Output (Target Class) is a model (classifier) that assigns a specific label (category) to each 
object based on the predictors (Gorunescu 2011). Classification algorithms find relationships 
between the values of the predictors and the label of the target (Mitra, Pal, and Mitra 2002).  

• Regression (Ngai, Xiu, and Chau 2009) technique aims to predict a numeric value. It is composed 
by a training dataset containing objects (input). Each object is evaluated based on a set of predictors. 
The output (Target Class) is a model (classifier) that assigns a specific value to each object based 
on the predictors. In the model build (training) process, a regression algorithm estimates the value 
of the target as a function of the predictors.  

The major strength of the supervised approaches is that these approaches do not require a high-level of 
domain knowledge (Y. Liu et al. 2019). The major weaknesses are the massive amounts of data needed for 
training a reliable model and the results and the performances depend on the quality of training data (Zhao 
et al. 2019). 
 

2.1.2.2 UNSUPERVISED DATA-DRIVEN APPROACHES 
 

https://en.wikipedia.org/wiki/Statistical_classification
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The unsupervised learning (Sutharssan et al. 2015), instead, discovers an internal representation from input 
data only. The principal unsupervised mining techniques are: clustering, association rule mining, sequential 
patterns discovery and anomaly detection explained below. 
• Clustering (Hansen and Jaumard 1997) technique aims to split a set of data into subsets (clusters) with 

similar characteristics. Clustering is used to find out groups of items that are similar (Yin et al. 2011). 
Accordingly, the clustering algorithms can be classified in: 

• Partitioning clustering (Fahad et al. 2014): given a set of n objects, a partitioning method 
constructs k un-nested partitions of the data, where each partition represents a cluster and k ≤ n. 
It splits the data into k groups such that each group must contain at least one object. 

• Hierarchical clustering (Grira, Crucianu, and Boujemaa 2004): aims to obtain a hierarchy of 
nested clusters, called dendrogram. It shows how the data are grouped and which clusters are 
related to each other. The hierarchy of nested clusters can be agglomerative (bottom-up) or 
divisive (top-down). An agglomerative clustering starts with one object for each cluster and 
recursively combine in one cluster. A divisive clustering starts with all object in one cluster and 
recursively split in different clusters.  

• Density-clustering (Grira, Crucianu, and Boujemaa 2004): considers that clusters are dense sets 
of data items separated by less dense regions. 

• Association (Agrawal, Imieliński, and Swami 1993) technique aims to detect the probability of the 
co-occurrence of items in a collection. The relationships between co-occurring items are expressed 
as association rules  
The generation of knowledge, through association rules, is promoted by the Formal Concept 
Analysis (FCA) (Poelmans et al. 2010) because it is particularly suited for exploration data 
(Valtchev, Missaoui, and Godin 2004). FCA is a mathematical theory oriented at applications in 
knowledge representation (Wille 2002). It provides. It provides tools to group the data and to 
discover formal patterns by representing it as a hierarchy of formal concepts organised in a semi 
ordered set named lattice (Ganter, Stumme, and Wille 2005).  
Indeed, a major part of the data is stored in relational databases. While most existing data mining 
approaches detect patterns in a single data table, multi-relational data mining (MRDM) approaches 
detect patterns that involve multiple tables (relations) from a relational database (Džeroski 2003). 
Relational Concept Analysis (RCA) is a multi-relational data mining approach. RCA enables to 
extract multi-relation association rules where each rule consists of several relations between 
entities.  

• Sequential patterns discovery (Lin and Lee 2003) technique aims to identify associations or patterns 
over time. The goal is to model the states of a process generating the sequence trends and the report 
deviation over time.  

• Anomaly detection (outlier/change/deviation detection) (Buczak and Guven 2015) technique aims 
to identify cases that are unusual within data that is seemingly homogeneous. 

Based on the reviews, the major strength of the unsupervised data-driven approaches is the possibility to 
discover tacit knowledge from a set of data such as unknown faults and unknown operation patterns. 
The major weaknesses are the massive amounts of data for training a reliable model and the results and the 
performances depend on the quality of training data (Tidriri et al. 2016). It is time consuming to find 
valuable knowledge from all the mined knowledge. Unsupervised data-driven approaches require a-priori 
knowledge model (Zhao et al. 2019). 

https://en.wikipedia.org/wiki/Cluster_analysis
https://en.wikipedia.org/wiki/Anomaly_detection
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2.1.3  HYBRID APPROACHES  
 
Recently, there has been a growing interest in the integration of data-driven and model-based approaches 
in order to provide better results. In the following, a review of hybrid approaches is carried out. The types 
of hybrid approaches reported in the literature are listed as follows:  

• DATA ˄ MODEL: simultaneous combination  
Use the data-driven and model-based approaches simultaneously for data acquisition and feature 
extraction. A combination of data sources can be used to generate hybrid diagnosis methods 
(Sheibat-Othman et al. 2014) which combines collected data during the system operations (field 
data) with data generated using the system physical model (simulation data) to address the lack of 
sufficient faulty data (S. Frank et al. 2016). 
Among feature extraction, data-driven and model-based are combined and compared to detect 
redundancy relation between known variables in the system such as parameters, process 
measurements, and inputs (Khorasgani et al. 2018). 

• DATA → MODEL: model-based is consequent to data-driven 
Use a data-driven approach to infer a measurement model and a model-based approach to describe 
the behaviour of the system (Hanachi et al. 2019). The data-driven approach builds a mapping from 
the measurement to the system state. This enables to use a model-based approach to understand the 
system state (Goebel, Eklund, and Bonanni 2006). A second data-driven model has been introduced 
in  (Liao and Köttig 2016) to reduce the uncertainty made by the model-based approach.  

• MODEL → DATA: data-driven is consequent to model-based  
Use model-based approach to define the failure threshold (Li et al. 2019), and data-driven approach 
to calibrate the model to make the results more accurate and to narrow the uncertainty of model 
results (Huiguo Zhang, Kang, and Pecht 2009). 

Despite the advantages and the potentials of hybrid approaches, the main obstacle is the lack of a generic 
framework for hybrid approach (Tidriri et al. 2016). 
 

2.1.4  DESIGN PATTERN: OBJECT-ORIENTED PROGRAMMING 
 
Most of the model-based and data-driven have been developed for specific application or equipment. A 
clear systematic way to model commonly problems does not exist. The need to develop time-tested 
solutions to recurring problems could be as closely related to objected-oriented design pattern domain. 
Object-oriented programming (OOP) is a programming language model that organizes software design 
around objects, rather than functions and logic. An object can be defined as a data field that has unique 
attributes and behaviour (Gamma, Helm, and Johnson 1995). 
Designing object-oriented software involves the definition and the application of design patterns. A design 
pattern in OOP, differently than data-driven, is a general repeatable solution to a commonly occurring 
problem in software design (Gamma, Helm, and Johnson 1995). A pattern is defined as: “a problem which 
occurs over and over again in our environment, and then describes the core of the solution to that problem, 
in such a way that you can use this solution a million times over without ever doing it the same way twice" 
(Alexander 1977). 

https://searchmicroservices.techtarget.com/definition/object
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The authors proposed 23 standard object-oriented design patterns classified into three sub-categories based 
on kind of problem they solve: creational, structural and behavioural (Gamma, Helm, and Johnson 1995). 
Creational patterns concern the process of object creation. Structural patterns deal with the composition of 
classes or objects. Behavioural patterns characterize the ways in which classes or objects interact. 
A design pattern is described by four main elements: 1) its name, which concisely summarizes the objective 
of the pattern; 2) the problem it solves, which describes when to apply a pattern; 3) the structure of the 
general solution, which lists the participants of the pattern: elements, their relationships and roles they play; 
4) consequences, which list the advantages, disadvantages, and compromises to be aware of when using 
the pattern. The following elements can be used to represent a design pattern more precisely: 1) intent, 
motivation, and applicability to understand the context; 2) structure, participants, and collaborations to 
make the application easier; 3) implementation, sample code, known uses, and related patterns to show the 
pattern and the correlation between patterns. 
Design patterns are important also in other programming paradigms: 1) documenting the solution of a 
common problem in their paradigm; 2) solving common problem; and 3) automating some part of the 
program development by code generation. 
Design patterns have been  introduced for functional logic languages (Antoy and Hanus 2002). Five design 
patterns are described to solve some general and challenging problems in functional logic languages. Each 
design pattern presents these characteristics: name, intent, applicability, structure, consequences, known 
uses, and see also.  
The design patterns have been built also as tools for communicating program construction expertise and 
propose a set of design patterns for functional strategic programming (Lämmel and Visser 2002). They 
produced a catalogue of 13 design patterns with these characteristics: name, category, intent, motivation, 
applicability, schema, description, sample code, consequences, and related patterns.  
Design patterns find application in various areas of computer science and engineering such as software 
architecture (Bass, Clements, and Kazman 2003), building Common Object Request Broker Architecture 
(CORBA) applications (Mowbray, Ruh, and Soley 1997), real-time systems (Douglass 2003), distributed 
computing (Ramirez and Cheng 2010), and embedded network systems (Wahba, Hallstrom, and 
Soundarajan 2010).  
Design patterns are useful in terms of transferring a solution among different implementations. Patterns are 
mostly used to generate some part of the code to eliminate low level implementation details (Budinsky et 
al. 1996). However, they also have some trade-offs and limitations. The detection of patterns and the update 
of new pattern is developed by experts. It is not an automatic process. The main consequence of using 
design patterns is trying to apply many of them across the same objects. It is not clear how many design 
patterns are enough in a project. There is also a risk of applying too many unnecessary design patterns. 

2.2  CONTRIBUTION POSITIONING  
 
In the above, a summary of methods for modelling systems have been presented. The approaches can be 
categorized into model-based, data-driven and hybrid approaches (J. Luo et al. 2003). The choice of the 
method to apply is typically based on the specific use case. 
The model-based approaches rely on the use of models  to simulate the systems behaviour in different 
operating conditions but these models are not easy to develop and keep updated during the system life-
cycle (J. Luo et al. 2008). 
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The data-driven approaches allow to integrate parameters across different domains (e.g. product, process 
and logistics) into models that would be difficult to build with the traditional model-based approaches. The 
data-driven, in fact, aim at transforming the data into relevant information and into reliable behavioural 
models (Okoh et al. 2014) but the quality and scope of the data play a critical role (Kusiak 2018).  
The main challenges of data-driven approaches involve the massive data sets and high dimensionality, the 
prior knowledge to understand pattern.  
At the same time, a single approach cannot be adapted to all different applications because of the complexity 
and the variety that characterize manufacturing systems. Hybrid approaches (Tidriri et al. 2016) have been 
developed to cope with specific problems (X. Zhang and Hoo 2011). The hybrid approaches not define a 
common solution and framework to apply to different systems (Ghosh, Ng, and Srinivasan 2011).  
For this reason, the objected-oriented design pattern domain is investigated. The design pattern (OOP) 
defines, develops and implements repeatable solution to a commonly occurring problem in software 
engineering.  
The contribution positioning of the thesis is to make the modelling more structured and reliable. The key 
issue to be addressed is the invariance. The idea is to detect automatically from data invariant modelling 
constructs. Invariant modelling constructs need to be developed to describe/emulate a system independently 
from its context of application. Data-driven invariant modelling constructs can be used and in particular re-
used to create digital models for different systems or processes (Semeraro, Lezoche, et al. 2019).  
 

 
Figure 6: Research Context  

 
The process to detect invariant modelling constructs is shown in Figure 7. The first aspect is to identify the 
systems to analyse (1), as well as the choice of products and the related manufacturing process. A model-
based approach (2) is required to model the system describing the function, the structure and the behaviour. 
The model-based approach draws a detailed representation of system under consideration and it enables the 
selection of data to analyse (3). When the system and the data are selected, the data-driven approach is used 
(4) to detect and to automatically discover associations and relationships among data. The associations can 
describe recurrent behaviours of the system and it can codify tacit knowledge that can be used to better 
understand the behaviour of the system. The discovered association are analysed based on the model 
developed to extract knowledge (5) from data and to define the physical meaning of the associations. The 
extracted knowledge represents a data-driven invariant modelling construct. Data-driven invariant 
modelling constructs can be formalized (6) to be easier to understand and to analyse where and when these 
can be applied. Data-driven invariant modelling constructs enable to design the virtual model of a system 
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for realising its digital twin (7). Data-driven invariant modelling constructs can be reused among systems 
or processes operating in a similar condition (8).  
The next chapter presents the approach to detect data-driven invariant modelling constructs. 
 

 
Figure 7: The Process for Detecting Data-driven Invariant Modelling Constructs 
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CHAPTER 3 - THE DEFINITION OF THE APPROACH TO 
EXTRACT DATA-DRIVEN INVARIANT MODELLING 
CONSTRUCTS 

INTRODUCTION 
 
The chapter 3 aims at formalising an approach to detect and to formalize invariant modelling constructs 
based on the data analysis. Each single state is described in a dedicated section. 
 

3.1  DEFINITION OF THE APPROACH 
 
The approach is articulated in eight different stages as shown in Figure 8. The stages are: 1) Definition of 
the system; 2) System model; 3) Data selection; 4) Knowledge discovery; 5) Knowledge extraction; 6) 
Knowledge formalization; 7) Design criteria for building a digital twin; 8) Knowledge re-use. 
The follows paragraphs explain each single stage in more detail. 

 
Figure 8: The Approach to Extract and to Formalize Data-driven Modelling Construct 

 

3.1.1  DEFINITION OF THE SYSTEM 
 
Provided the Industry of the Future paradigm relies on the use of sensors for the acquisition, processing and 
analysis of data, the most critical point is the definition and the selection of a complete set of parameters in 
order to effectively control manufacturing processes.  For the definition of the system to analyse, two 
different approaches have been combined. The first is the life cycle analysis (LCA) because it assesses the 
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amount of resource consumed and relative emissions. The second one is the exergy analysis because it 
defines the information infrastructure. 
Life cycle analysis (LCA) is an analytical approach used to quantify and to interpret the flows to-and-from 
the environment through the whole life cycle of a product, process or service but it suffers some limitations 
(UNI EN ISO 14040 2006). The first advantage is that it appreciates only quantities of elements flowing in 
the processes (say, energy, materials, etc.). The second is the dependence on standard databases referring 
to general or averaged figures, independently of the specific process analysed (Reap et al. 2008).  
The exergy analysis (EA), instead, involve the use of state variables, concerning products and processes, to 
precisely and objectively quantify (both in physical and economical terms) the gap between the processes’ 
efficiencies and their maximum achievable values, as a function of the physics of processes and the 
surrounding environment. Exergy analysis allows to identify the optimization opportunities and to 
recognize improvements and/or innovation paths for processes and products (Bakshi, Gutowski, and 
Sekulic 2011). Exergy is defined as “maximum theoretical useful work obtainable as the system is brought 
into complete thermodynamic equilibrium with the thermodynamic environment while the system interacts 
with this environment only” (Bakshi, Gutowski, and Sekulic 2011). 
The exergy approach highlights the gap from the ideal condition allowing to identify and recognize the 
optimization opportunities based on the appropriate selection of the information infrastructure, and thus to 
recognize lack of symmetry in the system behaviour. The exergetic analysis is combined with the life cycle 
analysis (LCA) to define how to analyse a system. The stages of the combined approach are outlined and 
described below: 

1. Identify the scenario of operation of systems under analysis, as well as the choice of products and 
the related manufacturing process by defining the thermodynamic model of the systems. 

2. Split the system in different subsystems and draw a detailed representation of the operation of every 
subsystem under consideration. 

3. Perform an exergy balance of each subsystem, providing a critical index based on the exergy loss 
𝐸𝑥𝑙𝑜𝑠𝑠. 

4. Define the thermodynamic parameters critical to measure for each sub-system. 
 

3.1.1.1 Identification of the system to analyse  
 
This stage identifies the critical product and consequently the critical manufacturing process object of the 
analysis. The life cycle analysis defines the set of critical products and processes based on the functional 
unit (chosen as the single product). In International Standard Organization 1997, (UNI EN ISO 14040 
2006), the functional unit is defined as the measure of the performances of the functional outputs of a 
considered system. In the same standard the importance of the functional unit for the comparability of the 
LCA results is highlighted.  
The functional unit allows in this way to normalise the efficiency of processes, and thus to have a fast 
glance to the overall efficiency of the production process life cycle. LCA defines the boundaries of the 
system to be analysed. The boundaries of the system typically include the following elements: raw material 
production; semi-finished products preparation; additive production; internal and external logistic; product 
component production; waste management; water and energy consumption; emission in air (Owens 1997).  
 

3.1.1.2 Application of the exergetic analysis  
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This stage enables to split the system identifies into different subsystems and to draw a detailed 
representation of the operations of every subsystem under consideration. Each subsystem is a 
thermodynamic system characterized by its corresponding input and output flows of mass and energy.  
The exergetic view of manufacturing processes allows to recognise the critical sub-systems from the 
informational flow point of view. Exergetic analysis for manufacturing processes is, in fact, typically 
related to the quality of use of resources, with a deeper contextual view of the process (Dassisti, Semeraro, 
and Chimenti 2019).    

 
3.1.1.3 Performing the exergy analysis of each subsystem to compute the exergy 

loss 𝐸𝑥𝑙𝑜𝑠𝑠 
 

The exergy approach provides the evaluation of the quality of energy usage, the identification and 
quantification of the inefficiency of the process through the measurement of the Exergy Loss. The exergetic 
analysis is performed by evaluating the exergy loss for each subsystem. Exergy approach consists of a 
model of a process to be controlled, whose inputs are the exergy flow of materials (𝐸𝑥𝑀,𝑖𝑛), the exergy flow 
of work (𝐸𝑥𝑊,𝑖𝑛), and the exergy flow of heat (𝐸𝑥𝑄,𝑖𝑛) and the output are the exergy flow of materials 
(𝐸𝑥𝑀,𝑜𝑢𝑡), the exergy flow of work (𝐸𝑥𝑊,𝑜𝑢𝑡), and the exergy flow of heat (𝐸𝑥𝑄,𝑜𝑢𝑡). The difference between 
the exergy values in input and the exergy values in output represents the exergy loss (𝐸𝑥𝑙𝑜𝑠𝑠).  
The equation of exergetic balance is as follow (Moran, Shapiro, and Moran 2008): 
 
𝐸𝑥𝑀,𝑖𝑛 +  𝐸𝑥𝑊,𝑖𝑛 + 𝐸𝑥𝑄,𝑖𝑛 =  𝐸𝑥𝑀,𝑜𝑢𝑡 +  𝐸𝑥𝑊,𝑜𝑢𝑡 +  𝐸𝑥𝑄,𝑜𝑢𝑡 +  𝐸𝑥𝑙𝑜𝑠𝑠                                                                        (1)                                                        
 
The optimization criterion in the exergetic analysis is to minimize the term  𝐸𝑥𝑙𝑜𝑠𝑠, since the exergy loss is 
proportional to the generated entropy and  this latter is responsible for the less-than-theoretical efficiency 
of the system. This criterion, in Industry of the Future implementations, may allow to select the critical 
systems as well as their critical parameters, from which the term  𝐸𝑥𝑙𝑜𝑠𝑠  and the exergetic efficiency 
depends (Dassisti, Semeraro, and Chimenti 2019). The equation adopted to compute 𝐸𝑥𝑙𝑜𝑠𝑠 is (Gutowski, 
Dahmus, and Thiriez 2006): 
 
  𝐸𝑥𝑙𝑜𝑠𝑠 = 𝐸𝑥𝑀,𝑖𝑛 +  𝐸𝑥𝑊,𝑖𝑛 +  𝐸𝑥𝑄,𝑖𝑛 − 𝐸𝑥𝑀,𝑜𝑢𝑡 −  𝐸𝑥𝑊,𝑜𝑢𝑡 −  𝐸𝑥𝑄,𝑜𝑢𝑡                                                                       (2)                                                            
 

3.1.1.4 Definition of the critical thermodynamic parameters to measure  
 
The exergetic analysis combined with life cycle analysis aims to select the critical product and the critical 
process to analyse. A process is split in different subsystems to select the critical parameters. The key aspect 
is the classification of data for each subsystem.  
Exergy analysis allows to identify and classify the parameters into four main groups:  

• Main parameters already controlled. 
• Main parameters not yet controlled. 
• Derived parameters controlled. 
• Non-controllable parameters.  
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Descending from the above parameters, it is possible to define 1) the set of parameters of each subsystem, 
2) the parameters monitored and 3) the parameters to monitor. The functional view of the process provided 
by the exergetic analysis thus permit to recognise the sensorization path of the Industry of the Future 
paradigm (Dassisti, Siragusa, and Semeraro 2018).  
The life cycle analysis combined with the exergetic analysis allows to define the system components to 
model, their contents and their relationships. The informational flows are typically tied to physical layout 
or logical operational flows. 
 

3.1.2  SYSTEM MODEL 
 
The purpose of system model is to show how system components, their contents (Value Properties, 
Behaviours, Constraints), and their relationships interact (Friedenthal, Moore, and Steiner 2014). The 
chosen modelling language is SysML.  
The chosen tool is IBM rational rhapsody® designer for systems engineers (https://www.ibm.com/uk-
en/marketplace/systems-design-rhapsody). It is a software that allows the creation of an environment thanks 
to which the model, designed with standardized rules, can be simulated.  
In particular, the tool provides the analysis of the system requirements, the visual development of the model 
in order to capture the design graphically and, also, the simulation and model execution that are useful to 
validate the system behaviour.  
The modelling stages to perform can be summarized as follow: 1) model requirements and use case; 2) 
model the subsystems in block definition diagrams; 3) model the relationships between subsystems in 
internal definition diagrams; 4) model constraints in parametric diagrams; 5) model the behaviour of the 
system in state machine diagrams. 
 

3.1.2.1 Model requirements and use case  
 

The requirement diagram (req) allows to represent project’ requirements in textual form providing a 
detailed description of user's requirements directly within the model and allow to trace their relationship 
with other elements in the model. A requirement (notation: rectangle with «requirement» keyword) 
specifies a capability or condition that must (or should) be satisfied, a function that a system must perform, 
or a performance condition a system must achieve.  
The requirements relationships include derive, satisfy, verify, refine, trace, and copy. These relationships 
provide a robust capability for managing requirements and supporting requirements traceability.  
The requirements construct can be directly shown on use case diagrams. The use case diagram (uc) 
describes the functionality of a system in terms of how it is used to achieve the goals of its various users. 
A use case (notation: oval/ellipse) represents a system transaction with an external system user, called 
an Actor. A Use Case diagram shows communications among use cases and actors. Actors may represent 
persons, organizations, facilities, software systems, or hardware systems.  
The inclusion relationship allows one use case, referred to as the base use case, to include the functionality 
of another use case, called the included use case, as part of its functionality when performed. 
A use case can also extend another use case using the extension relationship. The extending use case is a 
fragment of functionality that is not considered part of the base use case functionality.  
 

https://www.ibm.com/uk-en/marketplace/systems-design-rhapsody
https://www.ibm.com/uk-en/marketplace/systems-design-rhapsody
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Figure 9: Use Case Diagram 

 
3.1.2.2 Model the subsystems on block definition diagram  

 
The block definition diagram (bdd) is used to define blocks and the relationships between them such as 
their hierarchical relationship.  A block (notation: rectangle with keyword = «block») represents a modular 
structural unit that describes a system structure. It can define a type of a logical or conceptual entity, a 
physical entity (e.g., a system); a hardware, software, or data component. The subsystems defined in the 
previous stage can be modelled as blocks. Blocks have different structural and behavioural features. The 
structural features of a block are the properties. Properties describe a block’s structural aspects in terms of 
its relationship to other blocks and its quantifiable characteristics. There are different forms of properties 
including those that represent parts, references, and values. Part properties are used to describe the 
composition hierarchy of a block and define a part in the context of its whole.  
Value properties describe quantifiable physical, performance, and other characteristics of a block such as 
its weight or speed. The parameters describe in the previous stage are value properties. A value property is 
defined by a value type that describes its valid range of values, along with its quantity kind (e.g., length) 
and its units (e.g., feet or meters).  
Behavioural features declare the set of services that characterize the blocks. The behavioural features of a 
block are operations and receptions. Operations describe synchronous interactions when the requester waits 
for the request to be handled. Receptions describe a synchronous behaviour when the requester can continue 
without waiting for a reply. 
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Figure 10: Block Definition Diagram 

 
3.1.2.3 Model the relationships between subsystems on intern block diagram 

 
The internal block diagram (ibd) is used to specify the internal structure of a single block. The ibd provides 
an internal vision of every single block contained in the bdd. The main elements are part properties, ports 
and item flows. A part property represents an internal structure of the block, while a port can be considered 
as an access point on the boundary of a block or between two parts. It is associated to the idea of a physical 
connection between two entities that communicate through an item flow. It is used to define the 
relationships and the connections between the subsystems defined with the exergetic analysis in terms of 
material and information flows. SysML has different types of ports: full port, proxy port and flow port. A 
flow port is used to describe an interaction point (or connection point) for items flowing in or out of a block. 
It is used to specify what input items can be received by the block and what output items can be sent by the 
block. 
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Figure 11: Internal Block Diagram 

 
3.1.2.4 Model constraints on parametric diagram  

 
SysML includes the concept of a constraint that can correspond to any mathematical or logical expression, 
including time-varying expressions and differential equations. SysML provides the ability to encapsulate 
the equations of the exergetic analysis in a constraint block. It can be reused and bound with other 
constraints to represent complex sets of equations. A constraint block defines a set of constraint parameters 
related to each other by a constraint expression. Parameters may have types, units, quantity kinds, and 
probability distributions.  
The block definition diagram is used to define constraint blocks and their interrelationships.  Constraint 
blocks can be defined in model libraries to facilitate specific types of analysis (performance, mass 
properties, thermal, etc.). Constraint properties are usages of constraint blocks.  
The parametric diagram shows how constraint properties are connected by binding their parameters to one 
another and to the value properties of blocks. The binding connectors express equality between the values 
of the constraint parameters or value properties at their ends. In this way, constraint blocks can be used to 
constrain the values of block properties.  The constraint blocks are different from the generic block 
described above, because they define only mathematical constructs and the parameters related to them. 
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Figure 12: Parametric Diagram 

 
3.1.2.5 Model the behaviour of the system on state machine diagram 

 
The state machine diagram (stm) is a dynamic behavioural diagram that shows the sequences of States that 
an object or an interaction go through during its lifetime in response to Events (Triggers). A state (notation: 
rounded rectangle) represents a condition in the life of a block, and it is used to define which kind of change 
it undergoes, in response to the occurrence of an event or a guard condition, and what behaviours it 
performs.  Change of state are defined by triggers and guards. The trigger indicates an event that can cause 
a transition from the initial state. The transition guard contains an expression (condition) that must evaluate 
to true for the transition to occur. The state machine diagram simulates how the states change based on 
internal or external events. Typically, state machines are used in SysML to describe the state-dependent 
behaviour of a block throughout its life cycle in terms of its states and the transitions between them.  
 

 
Figure 13: State Machine Diagram 
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3.1.3  DATA SELECTION  
 
The previous steps enable to define which data select, their features and the system’ performances (Dassisti, 
Siragusa, and Semeraro 2018). Data is an important element for monitoring and modelling complex 
systems. Data contains information useful for system optimization. The availability of knowledge about the 
processes, based on sound measurement systems (quite often with on-line setting) allow to clearly track the 
system features and system evolution. Those actions enable to collect and convert data in information, share 
the information acquired, formalize the knowledge, joint performance measurements and leverage the skills 
and the knowledge. The main idea here is that measurement is the fundamental of the knowledge model of 
a real system. Continued monitoring, data collection and analysis provide up-to-date information about the 
behaviours of the system in a continuous stream. 
 

3.1.4  KNOWLEDGE DISCOVERY  
 
The data selected in the previous stages are used for the knowledge discovery. Multi relation data mining 
(MRDM) and specifically the Relational Concept Analysis (RCA) approach is the data-driven approach 
selected for discovering association (Rouane-Hacene et al. 2013). RCA extends formal concept analysis 
(FCA) by enabling multi relational information (Rouane-Hacene et al. 2013). 
In formal concept analysis (FCA), a formal context is a triple K = (G, M, I), where G and M are non-empty 
sets and I is a binary relation between G and M (I ⊆ G × M). The formal context (G, M, I) of an input 
matrix of n rows and m columns consists of a set of objects defined as G = {𝑔1, … 𝑔𝑛}, a set of attributes 
defined as M={𝑚1, … 𝑚𝑚} and a binary relation I defined as 𝑔𝑖, 𝑚𝑗 ∈ I if and only if the intersection of i-
th row and j-th column is not blank, i.e. object 𝑔𝑖 has an attribute 𝑚𝑗 (Škopljanac-Mačina and Blašković 
2014). 
For subsets A ⊆ G of objects and subsets B ⊆ M of attributes, two derivation operators (') are defined as 
follows: 

• A' = {m ∈ M | (g,m) ∈ I ∀g∈A }, and dually 
• B' = {g ∈ G | (g,m) ∈ I ∀ m ∈ B}. 

A pair (A, B) is a formal concept of a context (G, M, I) provided that: 
A ⊆ G, B ⊆ M, A′ = B, and B′ = A. 
Given a set of objects, a set of attributes, and defined the relations between objects and attributes, a formal 
concept represents a subset of objects sharing the same sub-set of attributes. A concept is constituted by 
two parts: its extension which consists of all objects belonging to the concept, and its intension which 
comprises all attributes shared by those objects. This understanding allows a formal discovering of 
associations among concepts and consequently recognizing which concepts are closely related based on the 
set of shared attributes (Williams and Simoff 2006). RCA extends FCA to the processing of multi-relational 
datasets, each provided with its own set of attributes, and relationships among those (Rouane-Hacene et al. 
2013). 
 
 
 

3.1.4.1 Data modelling 

https://en.wikipedia.org/wiki/Subset
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Data modelling is the process of creating a data model for the data stored in a Database. The data model 
illustrates the logical structure between databases by defining the entities (objects), their attributes, and 
showing the relationships between them. 
The data selected in the previous step need to be organized in a data table as shown in Figure 14a. The data 
table presents the objects (G) on the rows and the attributes on the columns (M). The cross indicates that 
exists a relation between an object and an attribute (I). The relation between an object and an attribute is 
binary (exist/ does not exist). 
 

3.1.4.2 Discovery association 
 
RCA is applied to automatically discover association rules in data. RCA, using lattice creation algorithms, 
in the specific context using an improved version of “Inclose V” algorithm (Andrews 2009), converts 
automatically the data table into a concept lattice (Venter, Oosthuizen, and Roos 1997). Concept lattice in 
Figure 14b graphically portrays the underlying relationships between the objects and attributes for 
extracting the useful information (Wille 2002).  
 

3.1.5  KNOWLEDGE EXTRACTION 
 
The concept lattice, as mathematical abstraction of concept systems, support knowledge extraction. The 
concept lattice needs to be analysed to extract data-driven invariant modelling constructs (patterns). The 
data-driven constructs are evaluated with the SysML models as shown in Figure 14c to understand the 
meaning of their content. It aims to validate if a certain model (or hypothesis) is consistent with the available 
data or if it is necessary to collect new data. It means that it is possible to verify the comprehensibility, the 
usefulness, and the robustness of the model. At the same time, the data-driven constructs can detect tacit 
knowledge or discover associations to improve the model. 
A data-driven invariant modelling construct contains the following sections: 

• ID Pattern: unique name that helps in identifying the pattern. 

• Pattern Name. 

• Description: a description of the goal behind the pattern and the reason for using it. 

• Example of association rule: an example of a concept for the pattern in analysis. 

• Data View: a representation of the data for the pattern in analysis. 

• SysML Model View: a graphical representation of the association between data. Block definition 
diagram or internal definition diagram or parametric or state chart diagram may be used for this 
purpose. 

• Applicability: situations in which this pattern is usable. 
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Figure 14a) Knowledge Discovery: Data Table   

 
Figure 14b) Discovery Association 

 
Pattern (𝑃1)                                  Pattern (𝑃2) 

 
Figure 14c) SysML Model: Knowledge Extraction 

 
Figure 14: From Knowledge Discovery to Knowledge Extraction (Semeraro, Lezoche, et al. 2019) 

 

3.1.6  KNOWLEDGE FORMALIZATION: WEB LIBRARY OF DATA-
DRIVEN CONSTRUCTS 
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The knowledge extracted need to be formalized to be understandable and accessible.  The data warehouse 
system can be used for collecting, connecting, managing and analysing data from heterogeneous data 
sources. Structured Query Language (SQL) is the standard language that can be used for storing, 
manipulating and retrieving data stored in a relational database to: 1) Execute queries against database; 2) 
Create stored procedures in a database; 3) Create dashboards to represent the meaning of each data-driven 
construct. In this way, each pattern can be easily formalised, analysed and interpreted. 
 

3.1.7  DESIGN CRITERIA FOR DIGITAL TWIN 
 
The formalized data-driven constructs represent the design criteria for building simple and efficient end-
user digital twins’ interface to support the employees in decision making process. A data-driven constructs 
can include rules, constraints and deductions related to the production processes, such as the constraint of 
the processing capability of a certain equipment. These can be formalized in algorithms to make the DT 
able to judge, evaluate, optimize and/or predict.  
 

3.1.8  KNOWLEDGE RE-USE 
 
The formalized knowledge can be used directly into other systems for design digital twins or for other 
applications. The goal is to use the same patterns for modelling other systems. In this way, data-driven 
patterns can be combined, based on the specific application, to create easily dynamic models. 
 
  



Contribution to the Formalization of Data-Driven Invariant Modelling Constructs of Cyber-Physical Systems 58 

 

CHAPTER 4 
 

CASE STUDY: MASTER ITALY 
DIGITAL TWIN 
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CHAPTER 4 - CASE STUDY: MASTER ITALY DIGITAL TWIN 
INTRODUCTION 
 
Master Italy s.r.l, is an Italian SME company that produces small hardware for civil window frames 
(https://www.masteritaly.com/). Master Italy realizes 97% of the added value of its in-house production, 
following the vertical integration strategy, pursued since its foundation.  
Master Group realizes 97% of the added value of its in-house  covering all phases previous to product 
selling: from the analysis of market’s needs to design, prototyping and production of the goods: from the 
analysis of market’s needs to design, prototyping and production of the goods. This choice, in the past, has 
been successful for the following reasons: a) reduced lead times, b) cost containment, c) accumulation of 
process know-how d) growth of the offer. Currently, however, market trends are identifying problems such 
as cost containment of products, introduction of new technologies, variability of market’s demand, 
reduction in average order size, request for customized products.  
In this context, the company has decided to strategically work on process and product innovation through 
the introduction or the development of technologies related to the Industry of the Future.  
The Master’s expected benefits in increasing the “smartness” of the factory are summarized as follow: 

• To support people to make decisions quickly and effectively, to reduce errors, to work efficiently 
and ergonomically. 

• To analyse the different production lines, in order to identify problems that, if compared, determine 
the exponential improvement in performance of the whole system  

• To evaluate the possible actions to take, when the production processes are exposed to external 
events. 

• To make decisions and make more accurate forecasts in terms of production and consumptions.  
• To identify and quantify the resources that contribute to the increase in efficiency of the systems.  
• To check and supervise the use of resources in the individual phases of the production process.  
• To share and integrate the information among all members of the company. 
• To optimize the business performance.  

 

4.1  THE PRESENTATION OF THE CASE STUDY: CONTEXT ANALYSIS 
 
Since 1986, Master Group has been designing accessories and components for doors and windows in 
aluminium, with a process made of research, investments, study of the aluminium’s world, and through a 
deep attention to the quality of the materials, the research of advanced technologies (Master Group makes 
97% of its own production’s added value in house) to find new market’s needs (domestic and international 
markets), and to customers’ satisfaction and constant care (on time Delivery 95%). With a 54% foreign 
turnover and present in more than 58 countries worldwide, Master is nowadays a global brand, focused on: 
development of new international markets, attention to safety and quality of products, continuous 
improvement, and waste reduction according to lean manufacturing’s principles. 

https://www.masteritaly.com/
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Figure 15: Master Profile I 

 
In 2013, Master decided to implement a continuous improvement programme with the objective of 
guaranteeing customer satisfaction and managing the company’s increasing complexity. The Master 
improvement programme is based on the lean thinking methodology, which aims to eliminate waste by 
simplifying processes, getting people involved and pushing for the creation of synchronised process flows. 
Activities are supported by enabling technologies: automation, integrated machines and systems that allow 
to maintain the right work conditions and analyse performances in real time. This is the basis to start 
increasingly challenging improvement initiatives. In 2018, five years after implementing the lean thinking 
methodology, the company has capitalised on the experience and has created the Master Italy Process 
System, a dynamic collection of the techniques and methods to be used in different operative environments: 
human resource development tools and best practices to inspire new projects. Its scope includes security 
and the environment, continuous improvement and innovation, digital transformation and skill 
development. 
 

 
Figure 16: Master Profile II 

 
Master Italy s.r.l production site is made of by 72 machines distributed over 15 processing departments, 
characterized by heterogeneity of competence and material: 1) Aluminium die casting, 2) Zama die casting, 
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3) Plastic moulding, 4) Cold steel moulding, 5) Painting, 6) Production and maintenance department for 
equipment and moulds 7) Drilling and threading, 8) Washing and tumbling, 9) Handle assembly, 10) Hinges 
assembly, 11) Tilt and Turn door assembly 12) Squadrons assembly to which are added 13) Maintenance 
department, 14) Internal logistics department and 15) Finished products departments. 
The supply chain organization can be divided into 2 macro blocks. The first is the processing of raw 
materials (aluminium die-casting, zamak die-casting, plastic moulding, steel shearing, aluminium shearing, 
shot blasting, washing and tumbling, drilling and threading), characterised by a large production capacity, 
large production batches, a large number of machines and equipment. The second processing block are 
painting (and other surface finishes, carried out outdoors) and automatic and manual assemblies’ lines, 
characterized by a great variability of production batches.  
The continuous improvement for a company depends on the assets: organization, process and technologies. 
The Lean Manufacturing, process undertaken by the company since 2013, has made possible to structure 
the organization in the logic "value stream" structure categorising the manufacturing activities in value-
added and not-value added. The absence of technological solutions on the production lines caused problems 
related to: 

• Management of information (generation and storage) 
• Not timely detection of the information 
• Low accuracy of information (manual entering and transmission of info) 
• The fragmentation of information, coming from different sources (frequently on different 

supports), because lack of an integrated management system. 
• Use of information: 

• Production info are not automatically updated. 
• No real time info of the production status is available. 

This gives rise to the idea of automating the exchange and the tracking of information from the 
transformation of raw materials to finished goods. For this reason, the Sedapta MES platform 
(https://www.atomoshyla.com/it/) has been introduced in Master since 2017 to optimize, control and 
monitoring the manufacturing processes achieving: 

• Real time processing data: MES collects the data gathered on the shop-floor, analyses data, and 
extracts the information necessary to provide an exhaustive picture real time of the current state of 
the process. 

• Advanced scheduling: MES identifies the optimal sequence-planning considering the constraints of 
the process, like cycle time and setup, and the capacity of the workstations, and customers’ 
requirements. The system also allocates resources like material and staff. The knowledge is shared 
and in this way all employee can plan and optimize the production. Thanks to this kind of 
technology, employees learn the technology and learn through the technology. 

• Asset monitoring: The monitoring of production lines is performed in real-time and is displayed in 
graphic dashboards through mobile devices like tablets and smartphones. 

A MES system does not develop systems capable of learning autonomously from their own behaviour in 
order to achieve predictive manufacturing system (PMS).  The predictive manufacturing is defined as a 
system that enables machinery and systems with “self-aware” capabilities with greater transparency for 
users to avoid potential issues (J. Lee et al. 2013).  
It requires the integration and the convergence between the cyber and the physical system i.e. the 
construction and the application of digital models to emulate, analyse and simulate the evolution of their 

https://www.atomoshyla.com/it/


Contribution to the Formalization of Data-Driven Invariant Modelling Constructs of Cyber-Physical Systems 62 

 

real twins helping to prevent problems or to improve the performance through the real time analysis of data. 
The business strategy of Master for the Industry of the Future is to create digital twins able to estimate the 
actual condition of the processes, infer future fault events and even predict potential root cause of the 
problem.   
 

 
Figure 17: Master’ Strategy 

 

4.2  APPLICATION OF THE APPROACH TO THE INDUSTRIAL CASE TO 
DETECT DATA-DRIVEN INVARIANT MODELLING CONSTRUCTS 

 
The approach discussed in the chapter 3 has been applied to design and to develop a digital twin, based on 
data-driven invariant modelling constructs, to:  

• Simplify the programming and the control of production. 
• Increase the productivity. 
• Eliminate the errors during the operations. 
• Reduce the operator's learning curve. 

It is useful to prove the quality of the idea and meet the requirements above discussed.  
 

4.2.1  DEFINITION OF THE SYSTEM 
 
The implementation of the hybrid exergetic analysis-LCA approach aims to define the critical product and 
the critical system in Master and then to perform the exergetic analysis. 
 

4.2.1.1 Identification of the system to analyse  
 

The LCA analysis was drafted in Master with the aim of calculating the Global Warming Potential (GWP) 
over 100year of each product (Dassisti and Semeraro 2016). The objective of the LCA analysis is to 
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evaluate the amount of resources needed and the emissions produced to manufacture the various 
components. LCA was performed used the SIMAPRO® software using the Eco invent database.  
The most important products of the company are hinges, steel corner, handles and tilt and turn used to 
aluminium windows. Thanks to the LCA assessment, the selected product, in Figure 18, is the steel corner 
since the GWP100 impact is: 0,282115 kg CO₂eq/pcs. 
The different steel corner components undergo several mechanical processes: die casting aluminium, die 
casting zamak, varnishing, and assembly. Analysing each production process, the greatest contribution is 
given by the die casting aluminium process (1,1395 kg CO₂eq/pcs due to the methane gas consumption). 

 
Figure 18: Steel Corner 

 

 
Figure 19: Die Casting Aluminium Shop-floor 

 
4.2.1.2 Application of the exergetic analysis  

 
The LCA analysis performed allowed to measure the critical system (product and process) in terms of 
resource consumption and pollutions. This information was then used to provide input to the exergy analysis 
and split the selected system into different subsystems to identify the critical sub-system, evaluating the 
contribute of the exergy loss, and to assess their criticality the critical parameters to control.  
Die casting aluminium is a manufacturing process in which molten metal is poured or forced into steel 
moulds. The moulds, also known as tools or dies, are created using steel and are specially designed for each 
project. The total cycle time is short, typically around 33-35 seconds (Dassisti, Semeraro, and Chimenti 
2019). The process cycle of die casting aluminium consists of four main subsystems, which are explained 
below: 
 

1. Melting: the aluminium enters at the solid state and exits at the molten state. 
Die casting requires that aluminium is heated well into its liquid phase for injection. The melting 
point of aluminium is: 680-700 °C (Tal). Once melted and taken up to proper temperature, the 
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aluminium is transferred to each die cast machine. Each die cast machine has its own holding 
furnace which maintains the molten aluminium at temperature waiting for use in the die cast 
machine.  
 

2. Injection: the molten aluminium is injected into the mould, through a plunger. 
The molten metal, which is maintained at a set temperature in the furnace, is next transferred into a 
chamber where it can be injected into the die. When a die cast machine is ready for its next cycle 
(die is closed ready for shot), an automated ladle takes a prescribed volume of molten aluminium 
(Val) from the holding furnace and pours it into the mould. Once pouring is complete, the injection 
phases begin. The first injection phase is the slow phase (T1) where the plunger moves forward at a 
low speed (V1). After a prescribed distance (C1), the plunger enters (C2) an intermediate speed phase 
(V2) where the speed is increased to fill the mould. Once this is complete (T2), the machine enters a 
fast phase where speed is greatly increased to fill the part cavity with aluminium (CC). 
 

 
Figure 20: Injection stage (https://www.dynacast.com/en/specialty-die-casting/die-cast-process/cold-chamber-die-

casting) 
 

3. Cooling: the molten aluminium solidifies in the mould cavity. 
After the part cavity is filled and the plunger has stopped moving, the hydraulic cylinder pushing 
the plunger is pressurized to a higher pressure (PM). This pressure holds the molten metal in the 
dies during solidification. When the entire cavity is filled and the molten metal solidifies, the final 
shape of the casting is formed. The die cannot be opened until the cooling time has elapsed and the 
casting is solidified. Clamping force (FC) must be applied to the die to keep it securely closed while 
the metal is injected. After a prescribed amount of time (TC), the die opens the ejector or moving 
half of the die. 

https://www.dynacast.com/en/specialty-die-casting/die-cast-process/cold-chamber-die-casting
https://www.dynacast.com/en/specialty-die-casting/die-cast-process/cold-chamber-die-casting
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Figure 21: Cooling Stage (https://www.dynacast.com/en/specialty-die-casting/die-cast-process/cold-chamber-die-

casting) 
 

4. Extraction: an ejection mechanism pushes the product out of the mould cavity.  
Once the injection cycle is completed and the machine is fully open, the die cast pushed out and the 
thickness of the die cast (SM) is controlled to prevent quality defects. A die cast represents an 
injection cycle. The die cast contains 36 steel corners. It means that 36 steel corners are produced 
for each injection cycle every 33 seconds. 

 
Figure 22: Extraction Stage (https://www.dynacast.com/en/specialty-die-casting/die-cast-process/cold-chamber-

die-casting) 
 

4.2.1.3 Performing the exergy analysis of each subsystem to compute the exergy 
loss 𝐸𝑥𝑙𝑜𝑠𝑠 

https://www.dynacast.com/en/specialty-die-casting/die-cast-process/cold-chamber-die-casting
https://www.dynacast.com/en/specialty-die-casting/die-cast-process/cold-chamber-die-casting
https://www.dynacast.com/en/specialty-die-casting/die-cast-process/cold-chamber-die-casting
https://www.dynacast.com/en/specialty-die-casting/die-cast-process/cold-chamber-die-casting
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To perform exergy analysis production process, the system is intended as composed of several subsystems, 
where each subsystem is characterized by a corresponding input and output flows. For each subsystem the 
amount of exergy destroyed is reckoned with following equation: 
 

𝐸𝑥𝑀,𝑖𝑛 +  𝐸𝑥𝑊,𝑖𝑛 + (1 −
𝑇0

𝑇𝑖𝑛
) 𝑄𝑖𝑛 = 𝐸𝑥𝑀,𝑜𝑢𝑡 +  𝐸𝑥𝑊,𝑜𝑢𝑡 +  (1 −

𝑇0

𝑇𝑜𝑢𝑡
) 𝑄𝑜𝑢𝑡 + 𝐸𝑥𝑙𝑜𝑠𝑠                                             (3) 

                                                            
where the term (1 −

𝑇0

𝑇𝑖𝑛,𝑜𝑢𝑡
) 𝑄𝑖𝑛/𝑜𝑢𝑡  represents the exergy flow of input and output heat (ExQ). 

The term exergy loss (𝐸𝑥𝑙𝑜𝑠𝑠) depends (see equation 3) on the variation between input and output of material 
exergy (𝐸𝑥𝑀), work exergy (𝐸𝑥𝑊), and heat exergy (𝐸𝑥𝑄) and it is responsible for the less-than-theoretical 
efficiency of the system (Semeraro, Panetto, et al. 2019). 
For die casting aluminium, the exergy of material, work, and heat are reckoned in each subsystem (i) with 
the following equations: 
 
𝐸𝑥𝑀,𝑖  = 𝑒𝑖

𝑝ℎ
= 𝜌𝑎𝑙 ∙ 𝑉𝑎𝑙,𝑖 ∙ [(ℎ𝑎𝑙,𝑖 − ℎ0) − 𝑇0 ∙ (𝑠𝑎𝑙,𝑖 − 𝑠0)]                                                                                         (4)   

 
𝐸𝑥𝑊,𝑖 = 𝐹𝑖𝑛𝑗,𝑖 ∙ 𝐶𝑖 = (𝑃𝑖 ∙ 𝑆𝑖𝑛𝑗) ∙ 𝐶𝑖       𝑤ℎ𝑒𝑟𝑒 𝑡ℎ𝑒 𝑠𝑡𝑟𝑜𝑘𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑖𝑠𝑡𝑜𝑛 𝑑𝑒𝑡𝑒𝑟𝑚𝑖𝑛𝑒𝑠 𝐶𝑖 =  𝑉𝑖 ∙ 𝑡𝑖                  (5) 
 
𝑄𝑖 = 𝑄𝑓,𝑖 + 𝑄𝑙,𝑖 + 𝑄𝑐,𝑖 = 𝑐𝑠,𝑎𝑙,𝑖 ∙ 𝜌𝑎𝑙 ∙ 𝑉𝑎𝑙,𝑖 ∙ (𝑇𝑓,𝑖 − 𝑇𝑠,𝑖) + 𝑐𝑙,𝑎𝑙,𝑖 ∙ 𝜌𝑎𝑙 ∙  𝑉𝑎𝑙 + 𝑐𝑠,𝑎𝑙,𝑖 ∙ 𝜌𝑎𝑙 ∙ 𝑉𝑎𝑙 ∙ (𝑇𝑎𝑙,𝑖 − 𝑇𝑓,𝑖)   (6)                     
 
The application of the exergetic analysis shows that the cooling phase is the critical subsystem because the 
exergy loss is highest than other subsystems (Subsystem 3: 8.649 J) as shown in figures 23 and 24. 
 

4.2.1.4 Definition of the critical thermodynamic parameters to measure  
 
Analysing the exergetic analysis equations it is possible to define the critical thermodynamic parameters, 
identifying: 

• Main parameters already controlled:  Val, Tal, Tf, C1, C2, CC, T1, T2, PM, FC, SM, TC 

• Main parameters not yet controlled are: Vl, Ts, Tl, T0, P0, Tmo, Pa1, Pa2, PaM  

• Derived parameters controlled are: V1, V2, PS, PF 

• Non-controllable parameters are: ρal, cp,al, cl,al, h0, hal, s0, sal 

The process knowledge extracted can be modelled for collecting information for the control of the 
production process. The parameters identified for each sub-system; the thermodynamic model built resulted 
to be key informational elements for the correct control of the core business of the company. 
The main controlled parameters are the parameters related to the volume and the temperature of the 
aluminium (Val, Tal), the melting temperature of the aluminium (Tf), the course of the plunger in the first, 
second and multiplied phase of the injection stage (C1, C2, CC), the time of mould filling  in the injection 
stage (T1, T2), the multiplied pressure (PM), the clamping force (FC), the thickness of the product (SM) 
and the cycle time (TC). 
The main parameters to control are the volume of aluminium loss during the injection stage (Vl), the 
temperature of the solid ingots at the entry of the furnace (Ts), the temperature loss during the injection 
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stage (Tl), the environmental temperature and pressure (T0, P0), the temperature of the mould (Tmo), the 
pressure of the accumulator in the first, second and multiplied stage  (Pa1, Pa2, PaM). 
The derived parameters controlled are the speed in the first and in the second phase of the injection stage 
(V1, V2) and the specific and final pressure (PS, PF). 
The non-controllable parameters are the density of aluminium (ρal), specific heat and latent heat of 
aluminium (cp,al, cl,al), specific enthalpy of environment and aluminium (h0, hal), specific entropy of 
environment and aluminium (s0, sal).  
The combined approach is a perfect way of structuring the process knowledge for assuring a correct 
transition toward the smartness at job shop level.  
 

 
Figure 23: Mass Balance (Semeraro, Panetto, et al. 2019) 
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Figure 24: Energy Balance (Semeraro, Panetto, et al. 2019) 

 

4.2.2 SYSTEM MODEL 
 
SysML aims at formalising the following aspects of the system: 1) Structural composition, interconnection, 
and classification; 2) Constraints on the physical and performance properties; 3) Function-based and state-
based behaviour; 4) Allocations between behaviour, structure, and constraints. 
 

4.2.2.1 Model requirements and use case  
 
The use case diagram in Figure 25 depicts some of the high-level functionality of the die casting process.  
The PLC and the MES are the software that currently control the production line as shown in Figure 23 and 
24. PLC is an industrial digital computer which has been used for the control of technological parameters.  
Manufacturing Execution System (MES) is an information system which monitors the productivity and 
tracks machine down-time.  ‘Monitor technological parameters’ and ‘Monitor machine down-time’ are the 
use cases, represented by the oval. PLC and MES are the actors, represented as the stick figure.  
SysML provides the ability to specify inclusion or extension relationships between use cases. The 
‘Correlate technological parameters to machine down-time’ use case include ‘monitor technological 
parameters’ and ‘monitor productivity’ use cases. The ‘Correlate technological parameters to machine 
down-time’ use case represents common functionality that is always performed when ‘monitor 
technological parameters’ and ‘monitor machine down-time’ are performed. The ‘monitor technological 
parameters’ and ‘monitor machine down-time’ are referred to as the base use cases, and ‘Correlate 
technological parameters to machine down-time’ is referred to as the included use case.  
The requirements are often related to use cases. One approach is to use a refine relationship. An example 
is provided in Figure 25 where the requirement predictive manufacturing is refined by the use case 
‘Correlate technological parameters to machine down-time’. The correlation between technological 

https://en.wikipedia.org/wiki/Digital_computer
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parameters and machine down-time allows to better understand the behaviour of the system for realising 
the predictive manufacturing. 
 

 
Figure 25: Use Case Diagram 

 
4.2.2.2 Model subsystems on block definition diagram  

 
SysML is applied to design and modelling the die casting aluminium process. The exergetic analysis split 
the die casting aluminium in four main subsystems: melting, injection, cooling and extraction. 
The subsystems are modelled as blocks in the block definition diagram (bdd) as shown in Figure 26. The 
block definition diagram captures the relation between the blocks and their interrelationships. It is often 
used in systems modelling to depict multiple levels of the system hierarchy from the top-level domain or 
context block (e.g., machine F55) down to the blocks representing the subsystems of the process. 
The die casting process (machine F55) is the top-level block in the block definition diagram. The block is 
composed of other blocks as indicated by the black diamond symbol and lines with the arrowhead pointing 
to the blocks that compose it. This whole-part relationship is called a composite association. The melting, 
injection, cooling and extraction subsystems are subclasses of die casting aluminium as indicated by the 
hollow triangle symbol.  
A block is used to model entities and it can have a set of features. The features of the block are the value 
properties. The melting subsystem is a block that has three properties for aluminium temperature (Tal), 
melting temperature (Tf), and aluminium temperature at the solid state (Ts) with unit of Celsius. 
Similarly, the injection subsystem is a block that has six properties for course of the plunger in the first 
phase (C1) and in the second phase (C2)  of the injection stage, the time of injection in the first (T1) and in 
the second phase (T2) and the speed in the first (V1) and in the second phase (V2). Each property has the 
respective unit of measurement. 
The cooling subsystem is a block that has five properties for multiplied course (CC), multiplied pressure 
(PM), specific pressure (PS), final pressure (PF), clamping force (FC). 
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The extraction subsystem is a block that has four properties for thickness of product (SM), cycle time (TC), 
conformed (NConformed) and discarded quantity (Nscrap). 
These properties are used along with other properties to support the analysis of constraints. The block 
definition diagram presents constraint blocks to model the equations and the associated parameters needed 
to analyse the subsystems as defined with the exergetic analysis.  

 
Figure 26: Bdd Diagram of Process 
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The operating parameters and the performances of die casting process are controlled by programmable 
logic controller (PLC) and manufacturing execution system (MES). The block definition diagram in Figure 
27 shows which parameters (value properties) are monitor by the programmable logic controller (PLC) and 
which are monitor by the manufacturing execution system (MES). 
The programmable logic controller (PLC) monitors and records run-time the following operating 
parameters: the univocal ID of the injection cycle (MEASSETID), the name of the article to product 
(ARTICLECODE), the name of the machine (RESOURCENAME), data and time for each MEASSETID 

(TIMESTAMPLOCAL), the number of injection cycle for a single production order (N_INJECTION). 
The PLC monitors and records run-time the following technological parameters: the course of the plunger 
in the first phase (C1) and in the second phase (C2)  of the injection stage, the time of injection in the first 
(T1) and in the second phase (T2), the speed in the first (V1) and in the second phase (V2) of the injection, 
the multiplied course (CC), the multiplied pressure (PM), the specific pressure (PS), the final pressure 
(PF), the clamping force (FC), the thickness of product (SM) and the cycle time (TC).  
The PLC automatically start and stop the process, generates alarms if a machine malfunction, based on pre-
programmed values of each parameters. Each parameter has a minimum value (MIN) and a maximum value 
(MAX) that are listed as value properties, in the block PLC, as follow: MIN_C1, MIN_T1, MIN_V1, MIN_C2, 

MIN_T2, MIN_V2, MIN_CC, MIN_PM, MIN_PF, MIN_PS, MIN_FC, MIN_SM, MIN_TC, MAX_C1, MAX_T1, 

MAX_V1, MAX_C2, MAX_T2, MAX_V2,  MAX_CC, MAX_PM, MAX_PF, MAX_PS, MAX_FC, MAX_SM, 

MAX_TC. 
MES system enables the control of multiple elements of the production process (e.g. inputs, personnel, 
machines and support services) to monitor the production output and performances. The parameters listed 
as value properties, in the block MES, are: univocal ID (ID_RKD), day of production (DAY_SHIFT), day 
and time (DATA_TIME),  possible state of the machine (STATE), possible activities of the machine 
(ACTIVITIES), name of the machine (RESOURCE), name of the employee (WORKER), id of the production 
order (PRODUCTION_ORDER), name of articles to product (ARTICLE), duration time of a setup 
(SETUP_TIME), duration time of production (UPTIME), duration time of maintenance down-time 
(MAINTENANCE_TIME), duration of a downtime (DOWNTIME), quantity of conformed products 
(CONFORMED_QUANTITY), quantity of discarded products (DISCARDED_QUANTITY), number of 
injection cycles during the production time (N_MOULDED), univocal id of a machine down-time (ID_ 

MACHINE_DOWN_TIME), description of a possible machine down-time (DESCRIPTION_ 

MACHINE_DOWN_TIME), shift (morning/afternoon/evening) (N_SHIFT), number of products for each 
injection cycle (N_PIECES). 
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Figure 27: Bdd Diagram of Data Source 

 
 
 

4.2.2.3 Model the relationships between subsystems on intern block diagram 
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The internal block diagram in Figure 28 shows how the different parts of the block definition diagrams 
interact. 
 

 
Figure 28: Ibd Diagram 

 
The flow ports are represented as the small squares on the boundary of the parts and specify interfaces with 
other parts. Connectors are represented as lines between the ports and define how parts connect to one 
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another. The internal block definition diagram shows the interactions between subsystems and between a 
subsystem and a data source (PLC and MES). 
The system starts out with a data acquisition system using appropriate sensor to record signals such as 
course, pressure, speed, temperature etc. The programmable logic controller (PLC) receives technological 
data from connected sensors or input devices. It processes the data, and triggers outputs based on pre-
programmed parameters (MIN and MAX values for each parameter) to monitor the injection, cooling and 
extraction phases. The manufacturing execution system (MES) receives production data to monitor the 
performance, the productivity of the process and the down time. 
 

4.2.2.4 Model constraints on parametric diagram  
 
The parametric diagram in Figure 29 shows a network of constraints (equations). Each constraint is a usage 
of a constraint block defined in the block definition diagram in Figure 26. The constraint parameters of the 
equation are shown as small rectangles flush with the inside boundary of the constraint. A parameter in one 
equation can be bound to a parameter in another equation by a binding connector. In this example, only a 
few of the die casting equations are shown. The parametric diagram and related modelling information can 
be provided to the appropriate simulation and/or analysis tools to support execution (e.g. Simulink). This 
engineering analysis is used to perform sensitivity analysis and determine the property values that are 
required to satisfy the correct behaviour of the process. 
For example, the constraint:  𝑉2 =

𝐶2

𝑇2
 is modelled as shown in Figure 29. The constraint represents the 

rapport between the course of the plunger in the second phase and the time of the injection to calculate the 
speed of the plunger in the second phase. 

 



Contribution to the Formalization of Data-Driven Invariant Modelling Constructs of Cyber-Physical Systems 75 

 

 
Figure 29: Parametric Diagram 

 
4.2.2.5 Model the behaviour of the system on state machine diagram 

 
The PLC processes the data, and triggers outputs based on the setting values of each technological 
parameter as shown in Figure 27.  The process can assume the following operating conditions: 

• RECASTING (red): the parameter is out of range and it causes the recasting of the injection cycle 
(≈ 36 products). V2, PM, FC, SM, TC are the critical parameters because If V2, PM, FC, SM, TC are 
equal to or below the minimum value or greater than or equal to the maximum value there is the 
recasting of the injection cycle. A recasting is recognized as scrap (DISCARDED_QUANTITY) by 
the MES. 

• NOT CONFORMED (red): the parameter is out of range, but it does not generate the recasting of 
the injection cycle.  

• CHECK (yellow): the parameter is closes out of range. 
• CONFORMED (green): the parameter operates into the defined range. 

itsSPEED_2PHASE:SPEED_2PHASE
1 «ConstraintProperty»

Constraints

{{V2} V2=C2/T2}

T2:Second

C2:Meter V2:MeterPerSecond
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The lower limit and an upper limit define five different state for each parameter as shown in Table 1: 
 

Table 1: Parameters of PLC Database 
 

PARAMETER DATA TYPES RANGE STATE (S) S 

C1- Course First Phase  NUMBER(10)    C1_1 NOT CONFORMED   
C1- Course First Phase  NUMBER(10)    C1_2 CHECK  
C1- Course First Phase  NUMBER(10)    C1_3 CONFORMED  
C1- Course First Phase  NUMBER(10)    C1_4 CHECK  
C1- Course First Phase  NUMBER(10)    C1_5 NOT CONFORMED  

 
T1- Time First Phase NUMBER(10)    T1_1 NOT CONFORMED   
T1- Time First Phase NUMBER(10)    T1_2 CHECK  
T1- Time First Phase NUMBER(10)    T1_3 CONFORMED  
T1- Time First Phase NUMBER(10)    T1_4 CHECK  
T1- Time First Phase NUMBER(10)    T1_5 NOT CONFORMED  

 
V1- Speed First Phase NUMBER(10)    V1_1 NOT CONFORMED   
V1- Speed First Phase NUMBER(10)    V1_2 CHECK  
V1- Speed First Phase NUMBER(10)    V1_3 CONFORMED  
V1- Speed First Phase NUMBER(10)    V1_4 CHECK  
V1- Speed First Phase NUMBER(10)    V1_5 NOT CONFORMED  

 
C2- Course Second Phase NUMBER(10)    C2_1 NOT CONFORMED   
C2- Course Second Phase NUMBER(10)    C2_2 CHECK  
C2- Course Second Phase NUMBER(10)    C2_3 CONFORMED  
C2- Course Second Phase NUMBER(10)    C2_4 CHECK  
C2- Course Second Phase NUMBER(10)    C2_5 NOT CONFORMED  

 
T2- Time Second Phase NUMBER(10)    T2_1 NOT CONFORMED   
T2- Time Second Phase NUMBER(10)    T2_2 CHECK  
T2- Time Second Phase NUMBER(10)    T2_3 CONFORMED  
T2- Time Second Phase NUMBER(10)    T2_4 CHECK  
T2- Time Second Phase NUMBER(10)    T2_5 NOT CONFORMED  

 
V2- Speed Second Phase NUMBER(10)    V2_1 RECASTING  
V2- Speed Second Phase NUMBER(10)    V2_2 CHECK  
V2- Speed Second Phase NUMBER(10)    V2_3 CONFORMED  
V2- Speed Second Phase NUMBER(10)    V2_4 CHECK  
V2- Speed Second Phase NUMBER(10)    V2_5 RECASTING  

 
CC- Multiplied Course  NUMBER(10)    CC_1 NOT CONFORMED   
CC- Multiplied Course  NUMBER(10)    CC_2 CHECK  
CC- Multiplied Course  NUMBER(10)    CC_3 CONFORMED  
CC- Multiplied Course  NUMBER(10)    CC_4 CHECK  
CC- Multiplied Course  NUMBER(10)    CC_5 NOT CONFORMED  

 
PM- Multiplied Pression NUMBER(10)    PM_1 RECASTING  
PM- Multiplied Pression NUMBER(10)    PM_2 CHECK  
PM- Multiplied Pression NUMBER(10)    PM_3 CONFORMED  
PM- Multiplied Pression NUMBER(10)    PM_4 CHECK  
PM- Multiplied Pression NUMBER(10)    PM_5 RECASTING  
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PS- Specific Pression NUMBER(10)    PS_1 NOT CONFORMED   
PS- Specific Pression NUMBER(10)    PS_2 CHECK  
PS- Specific Pression NUMBER(10)    PS_3 CONFORMED  
PS- Specific Pression NUMBER(10)    PS_4 CHECK  
PS- Specific Pression NUMBER(10)    PS_5 NOT CONFORMED  

 
PF- Final Pression NUMBER(10)    PF_1 NOT CONFORMED   
PF- Final Pression NUMBER(10)    PF_2 CHECK  
PF- Final Pression NUMBER(10)    PF_3 CONFORMED  
PF- Final Pression NUMBER(10)    PF_4 CHECK  
PF- Final Pression NUMBER(10)    PF_5 NOT CONFORMED  

 
FC- Clamping Force NUMBER(10)    FC_1 RECASTING  
FC- Clamping Force NUMBER(10)    FC_2 CHECK  
FC- Clamping Force NUMBER(10)    FC_3 CONFORMED  
FC- Clamping Force NUMBER(10)    FC_4 CHECK  
FC- Clamping Force NUMBER(10)    FC_5 RECASTING  

 
SM- Thickness NUMBER(10)    SM_1 RECASTING  
SM- Thickness NUMBER(10)    SM_2 CHECK  
SM- Thickness NUMBER(10)    SM_3 CONFORMED  
SM- Thickness NUMBER(10)    SM_4 CHECK  
SM- Thickness NUMBER(10)    SM_5 RECASTING  

 
TC- Cycle Time NUMBER(10)    TC_1 RECASTING   
TC- Cycle Time NUMBER(10)    TC_2 CHECK  
TC- Cycle Time NUMBER(10)    TC_3 CONFORMED  
TC- Cycle Time NUMBER(10)    TC_4 CHECK  
TC- Cycle Time NUMBER(10)    TC_5 RECASTING  

 
The state chart diagram in Figure 30 represents the state-based behaviour of the die casting aluminium. The 
state machine diagram shows the possible state of each parameter, and the events that can trigger a transition 
between the states.  
The process is initially in the ‘OFF’ state. When it is ready to be evaluated, the ‘EvOn’ event triggers a 
transition from the ‘ON’ state to ‘READ’ state as shown in Figure 30a. Upon entry to the ‘READ’ state, a 
time event triggers a transition to ‘VERIFY_C1’ state in a time interval of 3 seconds. Once the process has 
entered in ‘VERIFY_C1’ state, it immediately transitions to the neutral state. A time event of 2 seconds 
triggers a transition to the condition connectors. It split a single segment into several branches. Branches 
are labelled with guard conditions that are evaluated contemporary to determine which branch satisfy the 
condition. The connector evaluates if the value C1=150 activates the state C1_1 or C1_2 or C1_3 or C1_4 
or C1_5 (Figure 30a). A time event of 3 seconds triggers a transition to the ‘VERIFY_T1’ state. The logic 
is the same as the one just presented. The guard conditions for the ‘VERIFY_V2’ state in Figure 30b are 

evaluate based on the constraint (𝑉2 =
𝐶2

𝑇2
 ) modelled in the parametric diagram in Figure 29. If the state 

V2_1 or V2_5 are activates, the number of DISCARDED_QUANTITY is calculated as follow: 
 

 tm(1000)/setDISCARDED_QUANTITY( DISCARDED_QUANTITY +1. 
 
When also the ‘VERIFY_SM’ state is evaluated as shown in Figure 30c, the presence of a fault or a machine 
down-time should be detected. It requires the knowledge of all possible correlation between technological 
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parameters with machine down-time for predicting all possible faults or breakdowns. For this reason, data-
driven invariant modelling constructs will be detected in knowledge discovery and in knowledge extraction 
stages. 
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Figure 30: State Chart Diagram 

Figure 30a: Verify C1 

Figure 30b: Verify V2 based on a Constraint 

Figure 30c: Detect Failures 
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4.2.3 DATA SELECTION  
 
The previous paragraph shows the components of the die casting process and it defines which data need to 
be analysed to pursue the predictive manufacturing requirement. The data sources are the PLC (D1) and 
MES (D2).  
PLC data need to be gathered and combined with MES data to define all possible and existing correlations 
between technological parameters and machine down-time. This aims to achieve improvements of 
efficiency of die casting process (reduction of downtime, reduction of waste, optimization of maintenance). 
MES is a fundamental support tool for improving the production management. The system can detect all 
events that occur in a factory environment, to calculate the statistical parameters associated with specific 
problems and to monitor the performance of the plant in real time. All possible machine down-time 
(DESCRIPTION_ MACHINE_DOWN_TIME) are tracked, descripted and listed as follow: 

• Thickness SM<=14 indicates a quality problem of the product. 
• Thickness SM=15 indicates a quality problem of the product. 
• Thickness SM=16 indicates a possible quality problem of the product. 
• Micro stop for SM_LimLow indicates a down-time less the five minutes generated by the parameter 

SM. 
• Component problem indicates that a breakdown of a component of the machine (plunger, mould 

etc). 
• Electrical maintenance indicates a down-time for electrical breakdown. 
• Mechanical maintenance indicates a down-time for mechanical breakdown. 
• Recasting start machine for micro stop (after SM_LimLow) indicates the recasting of the injection 

cycle after the restart of the machine due to the micro-stop generated by the parameter SM. 
• Recasting for SM_LimUpp indicates the recasting of the injection cycle after the restart of the 

machine due to a problem of the SM parameter. 
• Recasting start machine for generic micro stop indicates the recasting of the injection cycle after the 

restart of the machine due to a generic micro-stop. 
• Recasting start machine after cleaning of the equipment indicates the recasting of the injection cycle 

after the restart of the machine due to the cleaning of the equipment. 
• Recasting start machine after auto-maintenance indicates the recasting of the injection cycle after 

the restart of the machine due to the regular maintenance activities. 
• Recasting start machine after component problem indicates the recasting of the injection cycle after 

the restart of the machine due to component breakdown. 
• Recasting start machine after electrical maintenance indicates the recasting of the injection cycle 

after the restart of the machine due to electrical breakdown. 
• Recasting start machine after mechanical maintenance indicates the recasting of the injection cycle 

after the restart of the machine due to mechanical breakdown. 
• Recasting start machine after operator absence indicates the recasting of the injection cycle after the 

restart of the machine due to the absence of the operator during the production. 
• Recasting start machine after not planned indicates the recasting of the injection cycle after the 

restart of the machine due to a stop not planned. 
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• Recasting start machine after setup indicates the recasting of the injection cycle after the restart of 
the machine due to the setup of the machine. 

• Recasting start machine after mechanical control indicates the recasting of the injection cycle after 
the restart of the machine due to a mechanical control. 
 

Another database has been created to define a set of features to describe each down-time problem (D3). 
The machine down-time are described by 20 features divided into five categories:  
F1. The Problem’s nature  

• Low cooling of final piece  
• Low solidification withdrawal  
• Standard cooling of final piece  
• Standard solidification withdrawal  
• High cooling of final piece  
• High solidification withdrawal  

F2. Problem’ typology: 
• Quality problem 
• Mould problem 
• Plunger problem 
• Mechanical component problem 
• PLC problem 
• Electrical subsystem problem 

F3. Duration downtime:  
• Downtime (< 5min) 
• Downtime (>15min) 
• Downtime (>60min) 

F4. Discarded Quantity: 
• Recasting (=2 mould casting ≈ 72 pieces) 
• Recasting (>=4 mould casting ≈ 144 pieces) 

F5. Economic Impact: 
• High downtime cost 
• Medium downtime cost 
• Low downtime cost 

 

4.2.4 KNOWLEDGE DISCOVERY  
 
The data selected are data from: PLC (D1), MES (D2). The PLC and MES databases cover the last 18 
months of production. RCA is applied to find out automatically associations between technological 
parameter, machine down-time and features’ machine down-time. 
 
 

4.2.4.1 Data modelling 
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The first step is to analyse the relationships between dataset. The datasets have many to many relationships 
i.e. one instances of a dataset is associated with more than one instances of another dataset. The symbol *, 
in Figure 31, denotes the multiplicity many to many. For example, one technological parameter of PLC 
dataset can generate more than one machine down-time defined in MES dataset. At the same time, one 
machine down-time can be caused by more than one technological parameter and it can be described by 
more than one feature problem. The same feature can describe more than one problem.  
 

 
Figure 31: Multi Relation Database 

 
It is necessary to define the objects and the attributes for each data set. The original PLC data set (D1) 
presents the injection cycles (MEASSETID) as objects (G) and technological parameters, defined in Figure 
27, as attributes (M). 
The original MES data set (D2) presents the data (DATA_TIME) as objects (G) and the value properties, 
defined in Figure 27, as attributes (M). 
 
The data sets have been transformed to perform RCA analysis according to the logic defined in Figure 32. 
The MES data table (D2) has the same objects of PLC (D1) data table (𝑂𝐵𝑖𝐷1) to find out the associations 
between technological parameters and downtime problems. 
The attributes of MES (𝐴𝑇𝑖𝐷2) data table (D2) are the objects of the feature machine down-time data table 
(D3) to describe clearly the discovered association between technological parameters and downtime 
problems. 
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D1(PLC) 𝑨𝑻𝟏𝑫𝟏 𝑨𝑻𝟐𝑫𝟏 𝑨𝑻𝟑𝑫𝟏 𝑨𝑻𝒊𝑫𝟏 
𝑶𝑩𝟏𝑫𝟏 X  X  
𝑶𝑩𝟐𝑫𝟏  X   
𝑶𝑩𝟑𝑫𝟏   X X 
𝑶𝑩𝒊𝑫𝟏 X  X X 

 
D3(FM) 𝑨𝑻𝟏𝑫𝟑 𝑨𝑻𝟐𝑫𝟑 𝑨𝑻𝟑𝑫𝟑 𝑨𝑻𝒊𝑫𝟑 
𝑨𝑻𝟏𝑫𝟐  X X  
𝑨𝑻𝟐𝑫𝟐 X    
𝑨𝑻𝟑𝑫𝟐  X  X 
𝑨𝑻𝒊𝑫𝟐   X  

 

Figure 32: Data Modelling 
 
The data table of PLC, shown in Table 2, has 57.779 objects (G) and 67 attributes (M). The objects (𝑂𝐵𝑖𝐷1) 
are the injection cycle. A row is generated each 30 seconds. Each injection cycle is evaluated based on the 
following attributes (𝐴𝑇𝑖𝐷1):  

• A_M, B_P, C_N to define the shift (A: morning; B: afternoon; C: night). 
• 10A003, 10A024, 10A026, 10A035, 10A043, 10A048 to define the article to product. 
• C1_1, C1_2, C1_3, C1_4, C1_5, C2_1, C2_2, C2_3, C2_4, C2_5, T1_1, T1_2,T1_3, T1_4, T1_5, 

V1_1, V1_2, V1_3, V1_4, V1_5, T2_1, T2_2, T2_3, T2_4, T2_5, V2_1,V2_2, V2_3, V2_4, V2_5, 
CC_1, CC_2, CC_3, CC_4, CC_5, PM_1, PM_2, PM_3, PM_4, PM_5, FC_1, FC_2, FC_3, FC_4, 
FC_5, PS_1, PS_2, PS_3, PS_4, PS_5, SM_1, SM_2, SM_3, SM_4, SM_5 to define the 
technological parameters and their corresponding range. 

• OK, KO, CHECK to define the quality state of the injection cycle. 
 

Table 2: PLC Data Transformation 
 

D1 A_M B_P C_N 10A003 10A024 10A026 10A035 10A043 C1_1 C1_2 C1_3 C1_4 … 

489 X . . X . . . . X . . . . 
490 X . . X . . . . X . . . . 
491 X . . X . . . . X . . . . 
492 . X . X . . . . X . . . . 
493 . X . X . . . . . X . . . 
494 . . X X . . . . . . X . . 
… . . . . . . . . . . . . . 

 
The data table of MES, shown in Table 3, has 57.779 objects (G) and 19 attributes (M). The objects (𝑂𝐵𝑖𝐷1) 
are the injection cycles The attributes (𝐴𝑇𝑖𝐷2) are the machine downtime problems listed in the paragraph 
4.2.3. 
  
 
 

D2(MES) 𝑨𝑻𝟏𝑫𝟐 𝑨𝑻𝟐𝑫𝟐 𝑨𝑻𝟑𝑫𝟐 𝑨𝑻𝒊𝑫𝟐 
𝑶𝑩𝟏𝑫𝟏  X  X 
𝑶𝑩𝟐𝑫𝟏 X   X 
𝑶𝑩𝟑𝑫𝟏 X    
𝑶𝑩𝒊𝑫𝟏  X X  
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Table 3: MES Data Transformation 
 

D2 THICKNESS 
<=14 

THICKNESS 
=15 

THICKNESS 
=16 

RECASTING 
FOR 

SM_LimUpp 

MICROSTOP 
FOR 

SM_LimLow 
…  

489 . . X . . . 
490 . . X . . . 
491 . . X . . . 
492 . X . . . . 
493 . X . . . . 
494 X . . . . . 
… . . . . . . 

 
The data table of Features of machine down-time, shown in Table 4, has 19 objects (G) and 20 attributes 
(M). The objects (𝐴𝑇𝑖𝐷2) are the machine downtime problems and the attributes (𝐴𝑇𝑖𝐷3) are the features 
listed in the paragraph 4.2.3. 
 

Table 4: FEATURE’ MACHINE DOWN TIME Data Transformation 
 

D3 
LOW 

COOLING 
OF FINAL 

PIECE  

LOW 
SOLIDIFICATION 
WITHDRAWAL  

STANDARD 
COOLING OF 
FINAL PIECE  

STANDARD 
SOLIDIFICATION 
WITHDRAWAL  

HIGH 
COOLING OF 
FINAL PIECE  

…  

THICKNESS 
<=14 X . . X . . 
THICKNESS 
=15 X . . X . . 
THICKNESS 
=16 X . . X . . 

… . . . . . . 

 
4.2.4.2 Discovery association 

 
RCA detects 184.353 concepts (association rules). A cluster logic has been introduced to analyse all 
associations rules (concepts). The clusters have been defined based on all possible combination between 
technological parameters and machine down time as follow: 

C1 IF technological parameters THEN technological parameters 
C2 IF technological parameters and machine down time THEN technological parameters 
C3 IF technological parameters THEN machine down time 
C4 IF machine down time THEN technological parameters 
C5 IF machine down time THEN technological parameters and machine down time 
C6 IF machine down time THEN machine down time 
C7 IF technological parameters and machine down time THEN problems 
C8 IF technological parameters THEN technological parameters and machine down time 
C9 IF technological parameters and machine down time THEN technological parameters and 

machine down time 
The concepts can be split into two groups:  

A1 includes all concepts belonging to the cluster C1.  
It means that the concepts contain all association rules between technological parameters. 

A2 includes all concepts belonging to the cluster C2, C3, C4, C5, C6, C7, C8, C9. 



Contribution to the Formalization of Data-Driven Invariant Modelling Constructs of Cyber-Physical Systems 85 

 

It means that the concepts contain all association rules between technological parameters, 
machine down time and features. 

 

 
Figure 33: Total % of Concepts 

 
4.2.5 KNOWLEDGE EXTRACTION 

 
The group A2 has been selected to detect data-driven invariant modelling constructs based a data analysis. 
A2 includes 7.743 concepts. The number of concepts for each machine down time is shown in Figure 34. 
Quality and mechanical problems present the highest number of concepts to investigate. 
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Figure 34: % of Concepts for each Machine Down-time 

 
The group A2 presents all clusters except the cluster C1 as shown in Figure 35. The clusters C2, C8 and C9 
need to be investigated further because these have the highest number of concepts. 
 

 
Figure 35: % of Concepts for each Clusters of the group A2  

 
The clusters C2, C8, C9 have been analysed in relation to each machine down time as explained in Figure 
36. Recasting problems, thickness =15 and thickness =16 have concepts belonging only to cluster C2. 
Component problem, Electrical maintenance, Mechanical maintenance, Recasting start machine for micro 
stop (after SM_LimLow) have concepts belonging to cluster C2 and C8. Thickness <=14 and Micro stop 
for SM_LimLow have concepts belonging to cluster C2, C8, C9. This is clearly summarised also in figure 
37. 
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Figure 36: Clusters for each Machine down-time 
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Figure 37: Cluster Analysis of C2, C8, C9 

 
An example of concept (association rule) for each down time is presented below: 
 

Table 5: Examples of Association Rule for each Machine down-time 
 

DOWN-TIME ID 
Cluster CONCEPTS: ASSOCIATION RULES  

THICKNESS<=16 C2 
76665 : A_M, PM_3, FC_4, Ex gen pbs : (THICKNESS=16, STANDARD COOLING OF 
FINAL PIECE , STANDARD SOLIDIFICATION WITHDRAWAL ) → 
10A035, C1_4, C2_3, T1_5, V1_4, CC_3, SM_2, OK [0.000484605, 1] 

THICKNESS<=15 C2 
76388 : FC_2, OK, Ex gen pbs : (THICKNESS=15, STANDARD COOLING OF FINAL 
PIECE , STANDARD SOLIDIFICATION WITHDRAWAL ) → 
C1_5, C2_1, V1_5, T2_1, CC_2, SM_2 [0.0223611, 1] 

THICKNESS<=14 C9 

14537 : B_P, PM_1, Ex gen pbs : (MICROSTOP FOR SM_LimLow, LOW COOLING OF 
FINAL PIECE , LOW SOLIDIFICATION WITHDRAWAL , MEDIUM COST), Ex gen pbs 
: (LOW COOLING OF FINAL PIECE , LOW SOLIDIFICATION WITHDRAWAL , 
DOWN TIME (< 5MIN), MEDIUM COST) →  
10A026, C1_5, C2_1, V1_5, T2_1, CC_2, FC_2, SM_1, KO, CHECK,  
Ex gen pbs : (THICKNESS<=14, LOW COOLING OF FINAL PIECE , LOW 
SOLIDIFICATION WITHDRAWAL , QUALITY DEFECT, DOWN TIME (< 5MIN), 
MEDIUM COST)[0.000934596, 1] 

MICROSTOP FOR 
SM_LimLow C9 

14674 : T1_1, SM_1, Ex gen pbs : (THICKNESS<=14, LOW COOLING OF FINAL 
PIECE , LOW SOLIDIFICATION WITHDRAWAL , QUALITY DEFECT, DOWN TIME 
(< 5MIN), MEDIUM COST)→   
C1_5, C2_1, V1_5, T2_1, CC_2, KO, CHECK,  
Ex gen pbs : (MICROSTOP FOR SM_LimLow, LOW COOLING OF FINAL PIECE , 
LOW SOLIDIFICATION WITHDRAWAL , MEDIUM COST)[0.00347877, 1] 

RECASTING 
START MACHINE C2 

78613 : PS_5, PS_5, Ex gen pbs : (LOW COOLING OF FINAL PIECE , LOW 
SOLIDIFICATION WITHDRAWAL , DOWN TIME (< 5MIN), MEDIUM COST) →  
V2_5, T2_1, KO,  
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FOR MICRO-STOP  
(after SM_LimLow) 

Ex gen pbs : (RECASTING START MACHINE FOR MICROSTOP  (after 

SM_LimLow), LOW COOLING OF FINAL PIECE , LOW SOLIDIFICATION 
WITHDRAWAL , DOWN TIME (< 5MIN), RECASTING(=2 MOULD CASTING), 
MEDIUM COST)[0.00257879, 1] 

RECASTING 
START MACHINE 
AFTER CLEANING 

OF THE 
EQUIPMENT 

C2 

78952 : TC_5, T2_5, PS_1, SM_5, Ex gen pbs : (RECASTING START MACHINE 

AFTER CLEANING OF THE EQUIPMENT, DOWN TIME (>15MIN), 
RECASTING(>=4 MOULD CASTING), MEDIUM COST) →   
PM_1, V2_1, KO [0.000484605, 1] 

RECASTING 
START MACHINE 

AFTER 
MECHANICAL 

MAINTENANCE 

C2 

79056 : V2_5, T2_1, CHECK, Ex gen pbs : (RECASTING START MACHINE AFTER 

MECHANICAL MAINTENANCE, DOWN TIME (>60MIN), RECASTING(>=4 
MOULD CASTING), MEDIUM COST) → 
PM_5, PS_1, TC_2, KO [0.000501912,1] 

RECASTING 
START MACHINE 

AFTER 
MECHANICAL 

CONTROL 

C2 

79085 : T2_1, Ex gen pbs : (RECASTING START MACHINE AFTER MECHANICAL 

CONTROL, DOWN TIME (>15MIN), RECASTING(>=4 MOULD CASTING), HIGH 
COST) →  
10A003, 10A024, 10A043, TC_5, SM_5 KO [0.000536527, 1] 

RECASTING 
START MACHINE 

FOR GENERIC 
MICROSTOP 

C2 

78755 : 10A035, SM_5, Ex gen pbs : (RECASTING START MACHINE FOR GENERIC 

MICROSTOP , DOWN TIME (< 5MIN), RECASTING(=2 MOULD CASTING), 
MEDIUM COST) → 
PM_5,  PS_5,  KO [0.000484605, 1] 

COMPONENT 
PROBLEM C2 

79153 : PM_4, Ex gen pbs : (COMPONENT PROBLEM, MOULD PROBLEM, 
PLUNGER PROBLEM, MECHANICAL COMPONENT PROBLEM, DOWN TIME 
(>60MIN), HIGH COST) → 
A_M, 10A026, FC_2, CHECK [0.00837675, 1] 

ELECTRICAL 
MAINTENANCE C2 

79185 : FC_4, Ex gen pbs : (ELECTRICAL MAINTENANCE, PLC PROBLEM, 
ELECTRICAL SUBSYSTEM PROBLEM, DOWN TIME (>60MIN), HIGH COST) → 
A_M, PM_2, CHECK [0.000484605, 1] 

MECHANICAL 
MAINTENANCE C8 

9302 : PM_2, Ex gen pbs : (HIGH COST) →  
A_M, 10A035, FC_4, CHECK 
Ex gen pbs : (MECHANICAL MAINTENANCE, MOULD PROBLEM, PLUNGER 
PROBLEM, MECHANICAL COMPONENT PROBLEM, DOWN TIME (>60MIN), HIGH 
COST)[0.000501912, 1] 

 
The analysis of cluster has been merged with the analysis of the technological parameters to identify data-
driven invariant modelling constructs. All machine down time can be split into three groups based on the 
correlation between technological parameters: 

P1 The down time Thickness =16, Thickness =15, Thickness <=14, Micro stop for SM_LimLow share 
the following technological parameters: C1, C2, CC, SM_1, SM_2 as shown in Figure 40. 

P2 All problems of recasting have in common the following parameters: SM_5, V2_1, V2_5, T2_1, 
T2_5, PS_1, PS_5, PM_1, PM_5, TC_5. 

P3 The machine down time related to component problem, electrical maintenance and mechanical 
maintenance have the parameters PM_2, PM_4, FC_2, FC_4. 

P1, P2, P3 are data-driven invariant modelling constructs. P1 covers the 65,75% of concepts clustered in 
the group A2, P2 covers the 17,85% and P3 the 16,40% of concepts in A2 as presented in Figure 39. 
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Figure 38: Invariant Modelling Constructs 

 
 

 
Figure 39: % of Concept grouped in A2 for each Data-driven Construct 

 
The physical mining of each invariant modelling constructs has been defined analysing the model discussed 
in the paragraph 4.2.2. A list of some data-driven invariant modelling constructs is presented in Table 6. 
A data-driven invariant modelling construct contains is described by 1) ID Pattern; 2) Pattern Name; 3) 
Description; 4) An example of association rule; 5) Data View; 6) SysML Model View; 7) Applicability. 

 
 

 
Table 6: The List of Data-driven Invariant Modelling Constructs  

 
 

PATTERN P1 PATTERN P2 PATTERN P3 
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P1: MOULD FILLING PATTERN 

• ID: P1 
• PATTER NAME: MOULD FILLING PATTERN 
• DESCRIPTION: the pattern aims to show and to describe the correlations between the 

parameters C1, C2, CC. The pattern represents the course of the plunger for the filling of the mould. 
This impacts on the quality of the product (SM). 

P1 EXAMPLE OF ASSOCIATION RULE: 
14675 : T1_1, SM_1 → 
C1_5, C2_1, V1_5, T2_1, CC_2, KO, CHECK, Ex gen pbs : (MICROSTOP FOR SM_LimLow, , MEDIUM COST)  

[0.00347877, 1] 

P1 DATA VIEW:  
The set of data includes: 

• Plunger course 𝐂𝟏 (mm) in the first 
phase of the injection stage 

• Plunger course 𝐂𝟐 (mm) in the second 
phase of the injection stage 

• Plunger course CC (mm) in the 
multiplied phase of the injection stage 

• Product thickness SM (mm²) 

C1 C2 CC SM 

295 81 3 17 

295 79 3 17 

297 79 4 16 

297 79 3 17 

297 79 3 17 

296 81 3 16 

297 80 3 16 

297 80 3 16 
 

P1 SYSML MODEL VIEW: 

P1 APPLICABILITY: Use mould filling pattern for: 
• Describing and preventing problems of micro-stop. 
• Describing and preventing problems during filling  processes. 
• Describing the behaviour of the plunger course. 
• Describing the behaviour of an injection system. 

 

itsVELOCITY_1PHASE:VELOCITY_1PHASE
1 «ConstraintProperty»

Constraints

{{V1} V1=C1/T1}

T1:Second

C1:Meter V1:MeterPerSecond

itsVELOCITY_2PHASE:VELOCITY_2PHASE
1 «ConstraintProperty»

Constraints

{{V2} V2=C2/T2}

T2:Second

C2:Meter V2:MeterPerSecond

itsCOURSE_TOTAL:COURSE_TOTAL
1 «ConstraintProperty»

Constraints

{{Ctot} Ctot=C1+C2+CC}

CC:Meter

C2:Meter

Ctot:Meter

C1:Meter

itsTHICKNESS_1:THICKNESS
1 «ConstraintProperty»

Constraints

{{SM} SM=Cp-(C1+C2+CC)}

Ctot:Meter

Cp:Meter

SM:Meter

https://context.reverso.net/traduzione/inglese-italiano/problems
https://context.reverso.net/traduzione/inglese-italiano/filling
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P2: MACHINE RESTART PATTERN 

• ID: P2 
• PATTER NAME: MACHINE RESTART PATTERN 
• DESCRIPTION: the pattern aims to show and to describe the correlations between V2, T2, PM, 

PS, SM, TC. The pattern denotes the restart of the machine after a machine down time. The restart 
of a machine generates a recasting of the product. 

P2 EXAMPLE OF ASSOCIATION RULE: 
78953 : TC_5, T2_5, PS_1, SM_5, Ex gen pbs : (RECASTING START MACHINE AFTER CLEANING OF THE EQUIPMENT) 
→  PM_1, V2_1, KO 

[0.000484605, 1] 

P2 DATA VIEW 
The set of data includes: 

• Plunger speed 𝐕𝟐 (m/sec) in 
the second phase of the 
injection stage. 

• Plunger time 𝐓𝟐 (msec) in the 
second phase of the injection 
stage. 

• Multiplied pressure PM (Pa) 
in the multiplied phase of the 
injection stage 

• Specific pressure PS (Pa) 

• Product thickness SM (mm²) 

• Cycle time TC (sec) 

V2 T2 PM PS SM TC 

35 175 215 928 20 33 

37 180 229 946 20 33 

37 167 231 993 20 33 

122 59 223 928 19 33 

120 60 224 933 19 33 

127 55 223 946 19 33 
 

P2 SYSML MODEL VIEW:  
 

 

P2 APPLICABILITY: Use machine restart pattern when: 
• Describing and preventing problems of recasting. 
• Describing the restart of a machine. 

 

SM:int

TC:int

itsF55_EXTRACTION:F55_EXTRACTION

PS:int

PM:int

«flow»

itsF55_COOLING_1:F55_COOLING

V2:int

T2:int

«flow»

itsF55_INJECTION_1:F55_INJECTION
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P3 CLAMPING SYSTEM PATTERN 

• ID: P3 
• PATTER NAME: CLAMPING SYSTEM PATTERN 
• DESCRIPTION: the pattern aims to show and to describe the correlations between PM, PS, and 

FC. The pattern identifies the cooling stage of the die casting aluminium process. The multiplied 
pressure are the clamping force are the parameters for monitoring the state of the clamping 
system. The values of the clamping force FC and multiplied pressure PM can generate mechanical 
problem. 

P3 EXAMPLE OF ASSOCIATION RULE: 
 
9302 : PM_2, Ex gen pbs : (HIGH COST) →  
A_M, 10A035, FC_4, CHECK Ex gen pbs : (MECHANICAL MAINTENANCE, MOULD PROBLEM, PLUNGER PROBLEM, 
MECHANICAL COMPONENT PROBLEM, DOWN TIME (>60MIN), HIGH COST) 
[0.000501912, 1] 
 

P3 DATA VIEW 
  
The set of data includes: 

• Clamping Force FC (kN) 
• Multiplied Pressure PM (Pa) 

 

PM FC 

217 5780 

217 5737 

218 5780 

218 5748 

218 5780 

218 5791 

217 5759 

217 5758 
 

P3 SYSML MODEL VIEW 

P3 APPLICABILITY: Use clamping system pattern for: 
• Describing the behaviour of a clamping system (e.g. the clamping of a mould). 
• Describing and preventing mechanical breakdown. 

itsSPECIFIC_PRESSION_3PHASE:SPECIFIC_PRESSION_3PHASE
1 «ConstraintProperty»

Constraints

{{PS} PS=PM*(Ap/Ac)}

Ap:SquareMeter

PM:Pascal

Ac:SquareMeter

PS:Pascal

itsOPENING_FORCE:OPENING_FORCE
1 «ConstraintProperty»

Constraints

{{Fopen} Fopen=PS*As}

PS:Pascal

As:SquareMeter

Fopen:Newton

itsCLAMPING_FORCE:CLAMPING_FORCE
1 «ConstraintProperty»

Constraints

{{FC} FC=(PS*As)*1.2}

PS:Pascal FC:Newton

https://www.sciencedirect.com/topics/engineering/hydraulic-pressure
https://www.sciencedirect.com/topics/engineering/hydraulic-pressure
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 P4 HYDRAULIC PRESSURE PATTERN 

• ID: P4 
• PATTER NAME: HYDRAULIC PRESSURE PATTERN 
• DESCRIPTION: the pattern aims to describe a hydraulic system. 

P4 EXAMPLE OF ASSOCIATION RULE: 

22706 : PS_1, PF_2→ 
PM_2 

[0.447654, 1] 

303 : PS_3, PF_4→ 

PM_4 
[0.5000, 1] 

P4 DATA VIEW 
PM PS PF 

217 933 215 

218 937 216 

218 933 215 

217 933 215 

217 933 215 

218 937 216 
 

P4 SYSML MODEL VIEW 
 

 

P4 APPLICABILITY: Use clamping system pattern for: 
• Describing a hydraulic system (e.g. the clamping of a mould). 
• Describing hydraulic pressure. 

itsMULTIPLIED_PRESSION_3PHASE:MULTIPLIED_PRESSION_3PHASE
1 «ConstraintProperty»

Constraints

{{PM} PM=((p3*A3-pcontr*Acontr)*A2)}Acontr:SquareMeter

pcontr:Pascal

A2:SquareMeter

A3:SquareMeter

p3:Pascal

PM:Pascal

itsHYDRAULIC_PRESSURE_1:HYDRAULIC_PRESSURE
1 «ConstraintProperty»

Constraints

{{Phyd} Phyd=Fp/Ap}
Fp:Newton

Ap:SquareMeter

Phyd:Pascal
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 P5 STATE OF A PARAMETER PATTERN 

• ID: P5 
• PATTER NAME: STATE OF A PARAMETER PATTERN 
• DESCRIPTION: the pattern aims to evaluate the state of a parameter based on the values that it 

assumes. 

P5 EXAMPLE OF ASSOCIATION RULE: 

723 : V2_3 → OK 
[0.630783, 1] 

724 : V2_4 → CHECK 
[0.64000, 1] 

725 : V2_5 → KO 
[0.30000, 1] 

P5 DATA VIEW 
V2 STATE 

130 OK 

127 OK 

127 OK 

125 CHECK 

125 CHECK 

117 KO 
 

P5 SYSML MODEL VIEW 

 
P5 APPLICABILITY: Use the state of a parameter pattern for: 

• Describing and understanding the state of a parameter (e.g. check, ok, ko, conformed, not conformed). 
• Simulating the state behaviour. 

PLC_Verify_V2

tm(2000)

PLC_Verify_CC

V2_1

[(C2/T2)*100<=82]

tm(1000)/setDISCARDED_QUANTITY( DISCARDED_QUANTITY+1 )

V2_2

[(C2/T2)*100>=83 && (C2/T2)*100<=90]

tm(1000)

V2_3

[(C2/T2)*100>=90 && (C2/T2)*100<=144]

tm(1000)

V2_4

[(C2/T2)*100>=145 && (C2/T2)*100<=149]

tm(1000)

V2_5

[(c2/t2)*100>=150]

tm(1000)/setDISCARDED_QUANTITY( DISCARDED_QUANTITY +1 )

DISCARDED_QUANTITYDISCARDED_QUANTITY
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P6 STATE OF A MACHINE PATTERN 

• ID: P6 
• PATTER NAME: STATE OF A MACHINE PATTERN 
• DESCRIPTION: the pattern aims to evaluate the state of a machine based on the correlations of 

a set of parameters (e.g. check, ok, ko, conformed, not conformed, state 1/2/3).  

P6 EXAMPLE OF ASSOCIATION RULE: 

59452 : V1_5, T2_1, CC_2, PS_2, SM_3 →  
C1_5, C2_1, CHECK  
[0.40449, 1] 

1103 : 10A026, CC_2 →  
C1_5, C2_1, V1_5, OK 
[0.405286, 1] 

P6 DATA VIEW 

 
 

C1 C2 CC T1 T2 V1 V2 PM PS PF FC SM TC 
STATE 

MACHINE 

295 81 3 1241 69 23 117 217 933 215 5780 17 33 OK  
295 79 3 1251 63 23 125 217 928 214 5737 17 33 OK  
297 79 4 1252 62 23 127 218 937 216 5780 16 34 OK  
297 79 3 1246 62 23 127 218 928 214 5748 17 32 OK  
297 79 3 1245 63 23 125 218 933 215 5780 17 33 OK  
296 81 3 1245 66 23 123 218 933 215 5791 16 33 OK  
297 80 3 1250 62 23 129 217 933 215 5759 16 33 OK  
297 80 3 1245 62 23 129 217 933 215 5758 16 33 CHECK  

P6 SYSML MODEL VIEW 

 

 

P6 APPLICABILITY: Use evaluate the state of a machine pattern for: 
• Describing and understanding the state of a machine. 
• Simulating different states of the machine based on the same set of values. 

 

itsCONTROLLER:CONTROLLER1

Values

C1:int

C1_Result:int

C2:int

C2_Result:int C1_Result:intC1:int

itsOBJECTS:OBJECTS1

Values

obj1:int

obj2:int

obj3:int

obj1:int

itsVERIFICATION:VERIFICATION1

Conformed:int

NotConformed:int

Standby:int

TurnOff:int

TurnOn:intNotConformed:int

Conformed:int

itsPROPERTIES:PROPERTIES1

Values

pr_in:int

pr_out:int
pr_out:intpr_in:int
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4.2.6 KNOWLEDGE FORMALIZATION: WEB LIBRARY OF DATA-DRIVEN 
CONSTRUCTS                                                                    
 

A Web platform based on SQL language in Oracle database has been created as shown in Figure 40 to join 
the PLC and MES datasets for formalising the invariant modelling constructs above described and for 
creating analytical reports for the employees. A data warehouse has been created to store and upload all 
data from PLC and MES datasets. 

 
 

Figure 40: Web Platform for Data-driven constructs 
 

4.2.6.1 MOULD FILLING PATTERN (P1) 
 
The pattern P1 aims to describe and to predict a machine downtime called: micro-stop. It is generated by 
the correlation between the following parameters: 

• Plunger course C1 (mm) in the first phase of the injection stage 
• Plunger course C2 (mm) in the second phase of the injection stage 
• Plunger course CC (mm) in the multiplied phase of the injection stage 
• Product thickness SM (mm²) 

The dashboard daily micro-stop in Figure 41 has been created to understand the frequency of this problem 
over time, the duration and the economic impact of each occurrence. 
It is possible to click on each occurrence to comprehend the degradation trends of SM over time, as shown 
in Figure 42. The red line indicates the threshold value of SM (SM Min). As explained in table 1, if SM is 
equal to or below SM Min there is the recasting of the injection cycle (≈ 36 products) during the production. 
The dashboard shows that a micro stop is always preceded by a recasting. The requirement is to predict SM 
before the threshold value. It is necessary to discover the relationship between SM, C1, C2 and CC. In 
particular, the dashboard Pattern Values in Figure 43 demonstrates that C1 and C2 are inversely 
proportional as a function of SM. All possible combination between C1, C2, CC and SM need to be explored 
to define how to detect all possible behaviour of the system. 
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Figure 41: Daily Micro-stop 

 

 
Figure 42: SM Values 

 

 
Figure 43: Pattern Values 

 
The result is to split all correlations into three categories as shown in Figure 44: 

• The green area detects all possible combination values between C1, C2 and CC when SM is greater 
than the upper Limit. These combinations define when the system is functioning properly. 
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• The red area detects all possible combination between values C1, C2 and CC when SM is equal to 
or below SM Min. These combinations indicate a failure of the system generating problem of 
thickness SM<=LimLow and consequent micro stop of the machine.  

• The yellow area detects all possible combination values between C1, C2 and CC when SM is in 
check ranges. It aims at discovering all combination for predicting all possible occurrences of 
Micro-Stop and quality problems. 

The outcome is the possibility to predict possible quality problems and micro stop of the machine. 
 

 
Figure 44: Pattern Analysis for Prediction 

 
4.2.6.2 MACHINE RESTART PATTERN (P2) 

 
The pattern P2 aims to describe a typical restart behaviour of the machine. The machine restart has the 
previous parameters out of range regardless of the type of machine downtime. 
The pattern detects the correlation between the following parameters: 

• Plunger speed V2 (m/sec) in the second phase of the injection stage. 
• Plunger time T2 (msec) in the second phase of the injection stage. 
• Multiplied pressure PM (Pa) in the multiplied phase of the injection stage 
• Specific pressure PS (Pa) 
• Product thickness SM (mm²) 
• Cycle time TC (sec) 

The dashboard in Figure 45 has been created to demonstrate that whenever a downtime occurs, the restart 
of the machine presents one or more than one parameter, above listed, out of the threshold value. The 
parameters V2, T2, PM, PS could present values greater than or below threshold value while SM an TC only 
values greater than threshold value. It is possible to click on each downtime problem (cause code) as shown 
in Figure 46 to analyse which parameter causes it frequently and which value assumes.  
 



Contribution to the Formalization of Data-Driven Invariant Modelling Constructs of Cyber-Physical Systems 100 

 

 
Figure 45: Number of Stops Machine 

 
Figure 46: Restart Machine Pattern Analysis 

 
 

4.2.6.3 CLAMPING SYSTEM PATTERN (P3) APPLIED TO MECHANICAL 
FAILURE 
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The pattern P3 aims to predict the mechanical breakdown. The pattern detects the correlation between the 
following two parameters: 

• Clamping Force FC (kN) 
• Multiplied Pressure PM (Pa) 

The dashboard percentage of mechanical failure in Figure 47 has been created to comprehend the number 
of occurrences of mechanical maintenance for each month. 
The yellow dashed lines represent the thresholds values. Each intended line represents the trend of each 
mechanical maintenance downtime occurrence over time. The result is that FC is inversely proportional to 
PM. It means that if an occurrence presents values of FC or PM above or below the line it is possible to 
detect possible incoming problems of maintenance. 
In the first scenario in Figure 48, the first four occurrences of the month of June 2018 have been 
investigated. PM operate below the lower range than FC is in range. 
In the second scenario in Figure 49, the last four occurrences of the month of June 2018 have been 
investigated to demonstrate that in this case the situation is inverse. FC operate above the upper range than 
PM is in range. 
The outcome is the possibility to predict failure of the system based on the evaluation of the correlations 
between FC and PM. 
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Figure 47: Mechanical Failures 

 
The first scenario  

 

 
Figure 48: Scenario I: FC and PM Trends over Time 
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The second scenario   

 

 
Figure 49: Scenario II: FC and PM Trends over Time  

 
4.2.7 DESIGN CRITERIA FOR DIGITAL TWIN 

 
The patterns described (P1, P2, P3) above have been used to design the digital twin of the die casting 
process in order to predict micro-stop and mechanical problems as shown in Figure 50.  
The solutions here proposed consists of a realistic production environment but “augmented” with intrinsic 
technological knowledge. With our approach, the physical settings interact with the digital space, according 
to specific properties and rules, to understand: 

• The behaviour of the process. 
• The correlations between technological parameters. 
• The correlations between parameters and effects like quality defects, maintenances problems etc. 

The digital twin has been designed to support the employees in decision-making process to:  
• Identify autonomously the several quality problems of the components, compared to the standards 

(dimensions, tolerances, finishes, quantity). 
• Alert operators through proper alarm systems about abnormal or out of tolerance situations.  
• Analyse and correlate the symptoms and causes of failures and defects in production. 
• Support the choice of corrective actions to eliminate the detected failures and defects. 
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Figure 50: Digital Twin 

 
The gathered data from the shop floor level are aggregated, analysed and interpreted in the digital 
environment according to the conditions listed in table 7. The conditions are defined and formalized based 
on the patterns showed and analysed in the platform. A condition is associated to a possible state that a 
digital twin should detect and recognize. 
 

Table 7: DT Conditions 
 

STATE VERIFY STATE CONDITIONS 

DECISION-
SUPPORT 

(ACTION TO 
DO) 

ID PATTERN  

0 "Machine Works 
without Problems" - - - 

1 "Prediction Micro-
Stop" 

SM_LimLow<=SM<=SM_LimUpp 

Clean the machine 
otherwise recasting 

of 5 die cast in 5 
minutes 

Mould Filling Pattern 
(P1)  

2 "Recasting for 
Micro-Stop" 

V2<=LimLow OR V2=>LimUpp 
OR 
T2<=LimLow 0R T2>= LimUpp 
PM<=LimLow OR PM>=LimUpp 
OR PS<=LimLow OR PS 
>=LimUpp SM>=LimUpp OR 
TC>=LimUpp 

The machine was just 
restarted. Recasting 
product in progress 

Machine Restart 
Pattern 

(P2) 

3 
"Prediction 
Mechanical 

Maintenance" 

LimLow<=PM<=LimUpp OR 
LimLow<=PM<=LimUpp OR 

Perform mechanical 
maintenance on the 

mould otherwise 

Clamping System 
Pattern 

(P3) 
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LimLow<=FC<=LimUpp OR 
LimLow<=FC<=LimUpp 

machine downtime in 
one hour (estimated 
time of intervention 

1.5h) 

4 "Recasting for 
Micro-Stop" 

SM<=LimLow Recasting in progress 
for micro-stop 

Mould Filling Pattern 
(P1) 

5 
"Stop Machine for 

Mechanical 
Maintenance" 

FC<=LimLow OR FC>=LimUpp 
Stop machine for 

mechanical 
maintenance  

Clamping System 
Pattern 

(P3) 

 
 
The conditions and states are encapsulated in an algorithm presented below to make the digital twin able to 
judge, evaluate, optimize and/or predict: 
 
           →Verify State "Prediction Micro-Stop" 

 
           IF cur_stringa.SM BETWEEN LimLow AND LimUpp THEN v_stato_rkd := 1; END IF; 
            
            →Verify State "Re-start Machine" 

 
           IF v_stato_rkd = 0 AND  
                 (cur_stringa.V2 <= LimLow OR cur_stringa.V2 >= LimUpp  
                   OR cur_stringa.T2 <= LimLow OR cur_stringa.T2 >= LimUpp   
                  OR cur_stringa.PM <= LimLow OR cur_stringa.PM >= LimUpp 
                 OR cur_stringa.PS <= LimLow OR cur_stringa.PS >= LimUpp 
                  OR cur_stringa.SM >= LimUpp  
                 OR cur_stringa.TC >= LimUpp 
                  ) 
           THEN v_stato_rkd := 2;  
           END IF; 
            
           →Verify State "Prediction Mechanical Maintenance" 

            
           IF v_stato_rkd = 0 AND cur_stringa.TIMESTAMPLOCAL >= TO_DATE('01-03-2019','DD-MM-YYYY') 
AND 
              (cur_stringa.PM BETWEEN LimLow AND LimUpp)  
              OR 

 (cur_stringa.FC BETWEEN LimLow AND LimUpp) OR (cur_stringa.FC BETWEEN LimLow AND    
LimUpp) 

             ) 
           THEN  
           v_stato_rkd := 3;  
           END IF; 
 
           IF v_stato_rkd = 0 AND cur_stringa.TIMESTAMPLOCAL < TO_DATE('01-03-2019','DD-MM-YYYY') AND 
             ( (cur_stringa.PM LimLow AND LimUpp) OR  
            (cur_stringa.FC BETWEEN LimLow AND LimUpp) OR (cur_stringa.FC BETWEEN LimLow AND       
LimUpp) 
             ) 
           THEN  
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           v_stato_rkd := 3;  
           END IF; 
            
           →Verify "Recasting for Micro-Stop" 

 
           IF v_stato_rkd = 0 AND  
             ( cur_stringa.SM <= LimLow 
             ) 
           THEN  
           v_stato_rkd := 4;  
           END IF; 
 
           →Verify State "Stop Machine for Mechanical Maintenance" 

            
           IF v_stato_rkd = 0 AND  
             ( cur_stringa.FC <= LimLow OR cur_stringa.FC >= LimUpp 
             ) 
           THEN  
           v_stato_rkd := 5;  
           END IF; 
 

The digital twin receives and reads a set of data, emulates the behaviour of the machine and recognizes the 
possible failures. An example of the potentials and the results has been presented in figure 51. The digital 
twin detects different states based on the same set of parameters as shown in pattern P6. In this way the 
digital twin predicts possible problems and prescribes actions based on the knowledge extracted, verified 
and formalized above (Table 7). 
 

 
Figure 51: Digital Twin Emulation 

 
Reading and evaluating the operating profile shown in Figure 52, the digital twin is able to recognize the 
state of the machine in the following sequence: 
 

1. 07-09-2019 18:39:30→RECOGNIZE STATE 0: The digital twin does not detect any problem 
as shown in Figure 54. 
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Figure 52: State 0 

 
2. 07-09-2019 18:42:00→RECOGNIZE STATE 1: The digital twin predicts that a problem of 

micro-stop is going to happen in 5 minutes based on the values of C1, C2, CC and SM. The DT 
prescribes to the employees which action performs as shown in Figure 53. 

 

 
Figure 53: State 1 

 
3. 07-09-2019 18:43:00→RECOGNIZE STATE 4: The digital twin informs the employees that a 

problem of micro-stop occurred because they did not perform the action prescribed in the state 
1, as shown in Figure 54. 
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Figure 54: State 4 

 
4. 07-09-2019 18:46:00→RECOGNIZE STATE 2: The digital twin detects in Figure 55 the re-

start machine after 3 minutes downtime due to the value of V2 and TC.    
 

 
Figure 55: State 2 
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4.2.8 KNOWLEDGE RE-USE 
 
The formalized knowledge can be used for design digital twin of other manufacturing processes of the 
company. The goal is to apply the same data-driven pattern constructs in other domains e.g. customer’s 
need, design product and monitoring product. 
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CONCLUSION 
 

INTRODUCTION  
 
This thesis contributes to define and to present how to construct data-driven invariant modelling constructs 
for digital modelling transformation.  
In this chapter, we will firstly revisit the research problem, the state-of-the-art limitations as well as an 
overview of our contribution. After, we will identify directions for future research. 
 

1. SUMMARY OF THE THESIS  
 
In chapter 1 the digital transformation in SMEs has been analysed. In particular, the main problem related 
to the implementation of Industry of the future in SMEs is to understand the new technologies, and to define 
how, when and where these could be applied. The digital twin has been reviewed to solve this issue. 
The digital twin is defined in this thesis as: << An adaptive model that emulates the behaviour of a physical 
system getting real time data to update itself along its life cycle. The digital twin replicates the physical 
system to predict failures and opportunities for changing, in order to prescribe real time actions for 
optimizing and/or mitigating unexpected events observing and evaluating the operating system profile>>. 
The state of art of Digital Twin has led to define the research gaps. The invariant modelling is the research 
issue to address. A literature review on model-based, data-driven and hybrid approaches have been 
performed in Chapter 2. It allowed us to identify the approaches regarding model-based and data-driven 
approaches. Based on the review results, one significant limitation is that modelling digital copy of the 
physical system is quite complex and generally the modelling action has a specific application type. 
For this reason, the core challenge is to create data-driven invariant modelling constructs to use and re-use 
towards different applications. The research is the formalization and the standardization of invariant 
modelling constructs for modelling different system.  
The result is the formalization of an approach in Chapter 3 for discovering data-driven constructs. It 
involves the combination of data-driven and model-based approaches with design pattern to define and 
identify data-driven invariant modelling. The iterative approach consists of eight different stages: 

1. Definition of the system to analysis with exergy analysis. 
2. System Model through SysML. 
3. Data Selection. 
4. Knowledge Discovery through relation concept analysis. 
5. Knowledge Extraction. 
6. Knowledge Formalization. 
7. Design Criteria. 
8. Knowledge Re-use. 

Finally, in Chapter 4, we evaluated our contribution trough a case study: Master Italy s.r.l. The die casting 
aluminium process is analysed based on the result of exergy analysis. The die casting process is modelled 
in SysML to describe the requirements, the structure and the behaviour. Relation concept analysis is used 
to detect automatically explicit and tacit associations in data. This has allowed to formalise data-driven 
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invariant modelling constructs. Three patterns have been used to develop a web platform. A digital twin of 
the process has been realized using a set of data-driven constructs discovered. 
 

2. PERSPECTIVES FOR FUTURE RESEARCH WORK 
 
The work presented in this thesis induces other research paths that can be considered in the future: 
 

• The first research direction is to enrich the pattern’ semantics to create a comprehensive library of 
formalized data-driven patterns. It means to select different production lines to apply the same 
patterns for designing models for different applications and scopes. Other sets of data need to be 
selected such as logistic data, product data, customers’ data to extract new data-driven constructs.  
In this way it is possible to create a consistent pattern library. A pattern library is a collection of 
patterns that describe a recurrent problem, behaviour or situation. In this way, data-driven patterns 
can be combined to create easily virtual models.    
 

• The state of art demonstrates that model-based or data-driven approaches are more analysed than 
hybrid approaches. Therefore, the second research direction is to propose new contributions for the 
combination of model and data approaches for improving the modelling of systems. 
 

• The third research direction is to explore the semantic and the syntax of patterns to better formalize 
the concept of the invariance. What is the invariance? How to define the invariance? How to 
recognize the invariance in patterns? These are some of the questions that could guide the research.  

 
• The fourth research direction is to automatize the approach in order to recognize automatically new 

data-driven modelling constructs by using machine learning algorithm or neural networks. It means 
to set criteria or common elements to perform the recognition.  
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ANNEXE - CASE STUDY 
 

 
Table 8: Cluster Definition 

 
PROBLEM CLUSTER 

ID 
CLUSTER_LABEL NUMBER 

OF 
CONCEPT 

--- C1 IF PARAMETER THEN 
PARAMETER 

176.610 
 

MICROSTOP FOR 
SM_LimLow 

C8 IF PARAMETER THEN PROBLEM 
AND PARAMETER 

214 

C2 IF PROBLEM AND PARAMETER 
THEN PARAMETER 

155 

C9 IF PROBLEM AND PARAMETER 
THEN PROBLEM AND 
PARAMETER 

712 

C4 IF PROBLEM THEN PARAMETER 2 
C5 IF PROBLEM THEN PROBLEM 

AND PARAMETER 
1 

RECASTING START 
MACHINE AFTER 
CLEANING OF THE 
EQUIPMENT 

C2 IF PROBLEM AND PARAMETER 
THEN PARAMETER 

199 

C4 IF PROBLEM THEN PARAMETER 1 

RECASTING START 
MACHINE AFTER 
MECHANICAL 
MAINTENANCE 

C2 IF PROBLEM AND PARAMETER 
THEN PARAMETER 

34 

C4 IF PROBLEM THEN PARAMETER 1 

RECASTING START 
MACHINE AFTER 
MECHANICAL CONTROL 

C2 IF PROBLEM AND PARAMETER 
THEN PARAMETER 

10 

C4 IF PROBLEM THEN PARAMETER 1 
RECASTING START 
MACHINE FOR GENERIC 
MICROSTOP 

C2 IF PROBLEM AND PARAMETER 
THEN PARAMETER 

163 

C4 IF PROBLEM THEN PARAMETER 1 
RECASTING START 
MACHINE FOR MICROSTOP  
(after SM_LimLow) 

C8 IF PARAMETER THEN PROBLEM 
AND PARAMETER 

474 

C2 IF PROBLEM AND PARAMETER 
THEN PARAMETER 

497 

C4 IF PROBLEM THEN PARAMETER 1 
RUL_COMPONENT 
PROBLEM 

C8 IF PARAMETER THEN PROBLEM 
AND PARAMETER 

11 

C2 IF PROBLEM AND PARAMETER 
THEN PARAMETER 

67 

C9 IF PROBLEM AND PARAMETER 
THEN PROBLEM AND 
PARAMETER 

3 
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C4 IF PROBLEM THEN PARAMETER 3 
C5 IF PROBLEM THEN PROBLEM 

AND PARAMETER 
1 

RUL_ELECTRICAL 
MAINTENANCE 

C8 IF PARAMETER THEN PROBLEM 
AND PARAMETER 

20 

C2 IF PROBLEM AND PARAMETER 
THEN PARAMETER 

86 

C4 IF PROBLEM THEN PARAMETER 1 
RUL_MECHANICAL 
MAINTENANCE 

C3 IF PARAMETER THEN PROBLEM 8 
C8 IF PARAMETER THEN PROBLEM 

AND PARAMETER 
476 

C2 IF PROBLEM AND PARAMETER 
THEN PARAMETER 

593 

C4 IF PROBLEM THEN PARAMETER 1 
THICKNESS<=14 C8 IF PARAMETER THEN PROBLEM 

AND PARAMETER 
244 

C2 IF PROBLEM AND PARAMETER 
THEN PARAMETER 

138 

C9 IF PROBLEM AND PARAMETER 
THEN PROBLEM AND 
PARAMETER 

712 

C4 IF PROBLEM THEN PARAMETER 2 
C5 IF PROBLEM THEN PROBLEM 

AND PARAMETER 
1 

THICKNESS=15 C2 IF PROBLEM AND PARAMETER 
THEN PARAMETER 

1.369 

THICKNESS=16 C2 IF PROBLEM AND PARAMETER 
THEN PARAMETER 

1.534 

C9 IF PROBLEM AND PARAMETER 
THEN PROBLEM AND 
PARAMETER 

3 

C4 IF PROBLEM THEN PARAMETER 3 
C5 IF PROBLEM THEN PROBLEM 

AND PARAMETER 
1 
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1. AN EXAMPLE OF SQL QUERY FOR MOULD FILLING PATTERN (P1) 

 
Daily Micro-Stops Detail (Figure 43): 
 
WITH DATI_MICROFERMI 
AS 
( 
SELECT DISTINCT  
       DATA_ORA, 
       TO_CHAR(DATA_ORA,'DD-MM-YYYY HH24:MI:SS') DATAORA 
  FROM MES_DATI 
 WHERE CAUSALE = :P121_CAUSALE 
   ORDER BY 1 
), 
DATI_MESE 
AS 
( 
SELECT MAX(m.DATA_ORA) DATA_ORA_FG, 
       mf.DATA_ORA DATA_ORA_MF, 
       (mf.DATA_ORA-MAX(m.DATA_ORA))*(24*60) DURATA_FERMO_MIN 
  FROM MES_DATI m 
 INNER JOIN DATI_MICROFERMI mf ON mf.DATA_ORA >= m.DATA_ORA 
 WHERE CAUSALE = 99   
 AND TRUNC(m.DATA_ORA) BETWEEN TRUNC(TO_DATE(:P121_MESE,'DD-MM-YYYY'),'MONTH')-1 AND 
TRUNC(LAST_DAY(TO_DATE(:P121_MESE,'DD-MM-YYYY'))) 
HAVING (mf.DATA_ORA-MAX(m.DATA_ORA))*(24*60)>=1 
 GROUP BY  
       mf.DATA_ORA 
) 
SELECT TO_CHAR(DATA_ORA_FG,'DD-MM-YYYY HH24:MI:SS') DATA_ORA_FG, 
       TO_CHAR(DATA_ORA_MF,'DD-MM-YYYY HH24:MI:SS') DATA_ORA_MF, 
       LAG(DATA_ORA_FG, 1, TRUNC(DATA_ORA_FG)) OVER (ORDER BY DATA_ORA_FG) AS 
DATA_ORA_FERMO_PREC, 
       (DATA_ORA_FG-(LAG(DATA_ORA_FG, 1, TRUNC(DATA_ORA_FG)) OVER (ORDER BY 
DATA_ORA_FG)))*24*60 AS MIN_DA_FERMO_PREC, 
       CASE WHEN (DATA_ORA_FG-(LAG(DATA_ORA_FG, 1, TRUNC(DATA_ORA_FG)) OVER (ORDER BY 
DATA_ORA_FG)))*24*60>30 THEN 30 
            ELSE (DATA_ORA_FG-(LAG(DATA_ORA_FG, 1, TRUNC(DATA_ORA_FG)) OVER (ORDER BY 
DATA_ORA_FG)))*24*60 
       END AS DELTA_MINUTI, 
       DURATA_FERMO_MIN 
  FROM DATI_MESE 
 WHERE TRUNC(DATA_ORA_FG) = TO_DATE(:P121_GIORNO,'DD-MM-YYYY') 
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2. AN EXAMPLE OF SQL QUERY FOR MACHINE RESTART PATTERN (P2) 
 

Query PLC RESTART (Figure 47): 
 
WITH DATI_FERMI 
AS 
( 
SELECT DISTINCT  
       DATA_ORA DATA_ORA_FERMO, 
       TO_CHAR(DATA_ORA,'DD-MM-YYYY HH24:MI:SS') DATAORA_FERMO, 
       CAUSALE, 
       DESCRIZIONE_SOSPENSIONE 
  FROM MES_DATI 
 WHERE CAUSALE IN ('112','113','114','115') 
   AND TRUNC(DATA_ORA) >= TO_DATE('04-06-2018','dd-mm-yyyy') 
   ORDER BY 1 
), 
DATI_PLC_GUASTO 
AS 
(  
SELECT plc.MEASSETID, 
       MIN(plc.MEASSETID) OVER (PARTITION BY df.DATA_ORA_FERMO) MIN_ID, 
       plc.TIMESTAMPLOCAL, 
       TO_CHAR(plc.TIMESTAMPLOCAL,'dd-mm-yyyy hh24:mi:ss') ORA_PLC, 
       TO_CHAR(df.DATA_ORA_FERMO,'dd-mm-yyyy hh24:mi:ss') AS DATAORA_GUASTO, 
       df.CAUSALE, 
       df.DESCRIZIONE_SOSPENSIONE, 
       plc.C1, 
       plc.MIN_C1, 
       plc.MAX_C1, 
       plc.T1, 
       plc.MIN_T1, 
       plc.MAX_T1, 
       plc.V1, 
       plc.MIN_V1, 
       plc.MAX_V1, 
       plc.C2, 
       plc.MIN_C2, 
       plc.MAX_C2, 
       plc.T2, 
       plc.MIN_T2, 
       plc.MAX_T2, 
       plc.V2, 
       plc.MIN_V2, 
       plc.MAX_V2, 
       plc.CC, 
       plc.MIN_CC, 
       plc.MAX_CC, 
       plc.PM, 
       plc.MIN_PM, 
       plc.MAX_PM, 
       plc.PF, 
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       plc.MIN_PF, 
       plc.MAX_PF, 
       plc.PS, 
       plc.MIN_PS, 
       plc.MAX_PS, 
       plc.FC, 
       plc.MIN_FC, 
       plc.MAX_FC, 
       plc.SM, 
       plc.MIN_SM, 
       plc.MAX_SM, 
       plc.TC, 
       plc.MIN_TC, 
       plc.MAX_TC 
  FROM PLC_DATI plc 
INNER JOIN DATI_FERMI df ON plc.TIMESTAMPLOCAL BETWEEN (df.DATA_ORA_FERMO)-1/(24*60) AND 
(df.DATA_ORA_FERMO)+1/(24*60) 
) 
( 
SELECT g.*, 
         FROM DATI_PLC_GUASTO g 
 WHERE MEASSETID = MIN_ID 
); 

 
3. AN EXAMPLE OF SQL QUERY FOR CLAMPING SYSTEM PATTERN (P3) 
 
# of Mechanical Failures per Month (MES Total Data) (Figure 49): 
 
WITH DATI AS 
( 
SELECT DISTINCT  
       DATA_ORA, 
       TO_CHAR(DATA_ORA,'DD-MM-YYYY HH24:MI:SS') DATAORA, 
       TO_CHAR(DATA_ORA,'DD','NLS_DATE_LANGUAGE=ITALIAN') GIORNO, 
       TO_CHAR(DATA_ORA,'YYYY-MM MON','NLS_DATE_LANGUAGE=ENGLISH') MESE, 
       TO_CHAR(LAST_DAY(DATA_ORA),'DD-MM-YYYY') DATAFINE_MESE 
  FROM MES_DATI 
 WHERE CAUSALE = 114 
ORDER BY DATA_ORA 
) 
SELECT DATAFINE_MESE, 
       MESE, 
       COUNT(*) N_EVENTI 
  FROM DATI 
 GROUP BY 
       DATAFINE_MESE, 
       MESE 
 ORDER BY MESE 
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% of Iteration of Mechanical Failures: 
  
 WITH DATI AS 
( 
SELECT DISTINCT  
       DATA_ORA, 
       TO_CHAR(DATA_ORA,'DD-MM-YYYY HH24:MI:SS') DATAORA, 
       TO_CHAR(DATA_ORA,'DD','NLS_DATE_LANGUAGE=ITALIAN') GIORNO, 
       TO_CHAR(DATA_ORA,'YYYY-MM MONTH') MESE 
  FROM MES_DATI 
 WHERE CAUSALE = 114 
ORDER BY DATA_ORA 
), 
DATI_ELAB 
AS 
( 
SELECT DATA_ORA, 
       TO_CHAR(DATA_ORA,'DD-MM-YYYY HH24:MI:SS') DATAORA_CHR, 
       CASE WHEN (((LEAD(DATA_ORA, 1, DATA_ORA) OVER (ORDER BY DATA_ORA)) - DATA_ORA)*24*60) 
BETWEEN 1 AND 1440 THEN 1 ELSE 0 END AS FLG_FERMO_1GG 
  FROM DATI 
) 
SELECT LABEL, 
       N_CASI 
  FROM 
( 
SELECT '# Mech Failures w/ repeating within 24 Hrs' AS LABEL, 
       COUNT(*) N_CASI 
  FROM DATI_ELAB 
 WHERE FLG_FERMO_1GG = 1 
UNION ALL 
SELECT '# Mech Failures w/ repeating beyond 24 Hrs' AS LABEL, 
       COUNT(*) N_CASI 
  FROM DATI_ELAB 
 WHERE FLG_FERMO_1GG = 0 
) 
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RÉSUMÉ  
 
Titre : Contribution à la Formalisation d'invariants de Modélisation de Systèmes Cyber-Physiques, dirigés 
par les Données 
 

Abstract: La transformation numérique des entreprises manufacturières collaboratives en réseau nécessite 

la construction et l'application de modèles numériques représentant l'ensemble des ressources et des 

connaissances sur les processus. La modélisation d'une telle copie numérique du système physique pour 

effectuer une validation et une optimisation en temps réel est assez complexe et nécessite donc une grande 

quantité de données et quelques modèles de modélisation représentant la sémantique opérationnelle des 

éléments modélisés. En règle générale, l'action de modélisation a un type d'application localisé et 

spécifique. Fort de ce constat, le principal défi de la modélisation de la transformation numérique est de 

créer une approche invariante, à savoir un modèle décomposable et recomposable vers différentes 

applications. La thèse vise à identifier et formaliser des éléments de modélisation contribuant à construire 

des modèles informationnels et fonctionnels pour améliorer la durabilité des processus de fabrication et des 

produits, basés sur des composants en réseau. Ces éléments formels permettront alors de représenter la 

connaissance et sa relation profonde avec les processus de fabrication. Ils rendent ainsi les connaissances 

partagées plus facilement réutilisables et sont à la base des efforts de normalisation. 

 

Mots-clefs : Modèles technologiques, usine intelligente 

 

 

Le paradigme Smart Factory représente la « quatrième révolution industrielle » dans le domaine de 

l'industrie manufacturière qui peut être synthétisée dans des réseaux intégrant des composants physiques et 

des logiciels de contrôle et l'amélioration des procédés de fabrication. Les systèmes intelligents 

comprennent généralement différents composants, notamment des capteurs pour l'acquisition de signaux, 

des unités de communication pour la transmission de données entre les composants, des unités de contrôle 

et de gestion pour la prise de décision et des actionneurs pour effectuer les actions appropriées. Ces 

dernières années, l'émergence des systèmes cyber-physiques 

(CPS) a amplifié la capacité de détecter le monde à travers un réseau d'appareils connectés utilisant 

l'infrastructure de réseau existante. Le regroupement des systèmes intelligents et des systèmes de détection 

formant un système cyber-physique distribué à grande échelle présente un énorme potentiel pour amener 

des systèmes intelligents dans de nombreux domaines d'application. Cependant, ils souffrent d'un manque 

de techniques de modélisation prenant en compte non seulement leurs paramètres technologiques mais aussi 
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leur fort degré d'information et d'intercorrélations fonctionnelles. Au fur et à mesure que la complexité de 

ces systèmes continue de croître, le défi du développement de systèmes intelligents et de détection intégrés 

a dépassé la complexité de conception de leurs composants individuels. Le problème principal du 

développement de systèmes intelligents et de détection réside dans la complexité d'intégrer et de gérer ces 

différents composants, technologies et objectifs à travers un large spectre. Il est alors nécessaire de 

formaliser les connaissances partagées pour définir une méthode de modélisation qui aide à analyser une 

nouvelle forme de systèmes intelligents (smart) et de détection dans une perspective durable. La 

représentation du savoir partagé est une branche de l'intelligence artificielle qui étudie la manière dont le 

raisonnement humain se produit et définit des symboles ou des langues. Cette représentation permet la 

formalisation de la connaissance pour la rendre compréhensible aux machines, alignées sur des modèles de 

référence. Dans ce contexte, le travail de thèse vise à identifier et formaliser des éléments de modélisation 

contribuant à construire des modèles informationnels et fonctionnels pour améliorer la durabilité des 

processus de fabrication et des produits, basés sur des composants en réseau. Premièrement ces éléments 

formels, concrétisés à travers la modélisation des systèmes et des procédures en langage SYSML, 

permettent de représenter la connaissance et sa relation profonde avec les processus de fabrication. Ils 

rendent ainsi les connaissances partagées plus facilement réutilisables et sont à la base des efforts de 

normalisation. L’utilisation aussi des techniques de Multi Relational Data Mining, dans le cas spécifique 

de Relational Concept Analysis, ont permis l’extraction de la connaissance tacite incluse dans les données 

issues des processus analysés. La thèse propose une série de patrons de modélisation pour la transformation 

numérique des entreprises de production industrielle. Ce cadre d’évaluation a été expérimenté sur une étude 

de cas réelle impliquant une véritable entreprise basée en Italie et en réseau du Politecnico de Bari et 

analysée de manière critique. 

Un prototype d’analyse des processus industriels sur une ligne de production comme modèle d’extraction 

de connaissance a été développé. L'outil résultant peut exploiter les connaissances sur existantes et les 

informations provenant de systèmes évalués pour identifier les problèmes et proposer des améliorations 

potentielles. 

  

La thèse définit les questions de recherche suivantes : 

RQ1 : Quels sont les travaux de recherche existants sur le jumelage numérique : "Quelles technologies 

doivent être adoptées ou quelles nouvelles technologies doivent être explorées", "Comment concevoir un 

digital twin", "Comment mettre en œuvre un digital twin" ? 
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L'une des premières étapes de notre recherche consiste à étudier et à définir le paradigme du digital twin 

dans le contexte de l'industrie du futur. Nous avons effectué une analyse documentaire systématique pour 

identifier le contexte, les applications, les fonctions dans le cycle de vie du produit, les architectures 

possibles et les composants d'un DT. Ensuite, nous avons l'intention de combiner les différents aspects d'un 

Digital Twin et certaines questions connexes pour développer notre proposition de paradigme de jumeau 

numérique. Par conséquent, nous devons relier les différentes approches liées à la modélisation du jumeau 

numérique pour développer une approche commune afin de détecter les constructions de modélisation des 

invariants guidés par les données.   

 

RQ2 : Comment développer des modèles invariants basés sur des données ? 

Pour répondre à cette question, nous avons effectué une deuxième analyse documentaire sur les approches 

basées sur des modèles, guidées par les données et hybrides afin de définir les positions de contribution. 

L'idée est d'identifier et de formaliser la modélisation invariante basée sur l'analyse des données. L'idée est 

d'utiliser, et surtout de réutiliser, des constructions prédéfinies basées sur des données pour construire des 

modèles numériques pour différentes applications.  

Le chapitre 1 donne un aperçu du contexte de la recherche. Tout d'abord, nous explorons les définitions de 

base liées au concept d'usine intelligente, les différentes technologies de l'industrie du futur et leur 

application. Ensuite, nous étudions l'état de l'art de la conception et des applications du digital twin. Enfin, 

nous identifions les lacunes de la recherche afin de démontrer pourquoi il est nécessaire de développer une 

approche invariante basée sur des constructions de modèles basés sur des données. 

Dans le chapitre 2, l'analyse comparative vise à montrer l'évolution des approches basées sur les modèles 

et les données au fil des ans pour présenter le positionnement de la contribution de la thèse de doctorat. 

L'idée de la thèse est de détecter et de formaliser les constructions de modèles invariants basés sur des 

données. 

Le chapitre 3 définit l'approche développée pour extraire des constructions de modélisation invariantes 

basées sur l'analyse de données. 

Le chapitre 4 a pour objectif de prouver la qualité de la contribution à travers une étude de cas réel. De plus, 

un prototype de Digital Twin a été développé pour démontrer et appliquer nos constructions de modélisation 
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invariante basée sur des données sur un processus de fabrication spécifique pour construire un jumeau 

numérique.  

Enfin, une conclusion présente les résultats de la recherche et quelques perspectives de recherche dérivées 

de ce travail. 

 

Dans le chapitre 1, nous exposons les principaux concepts liés au Digital Twin. Le présent chapitre concerne 

la manière de concevoir efficacement un jumeau numérique pour soutenir la transformation numérique des 

domaines des entreprises manufacturières. Tout d'abord, un mémoire général pour comprendre la 

transformation numérique dans les PME, est présenté dans la section 1.1.  Dans la section 1.2, une analyse 

documentaire systématique sur le Digital Twin est réalisée pour définir le contexte et l'application en 1.2.1, 

les mises en œuvre tout au long du cycle de vie du produit en 1.2.2, les fonctions en 1.2.3, les architectures 

en 1.2.4 et les composants en 1.2.5. Par conséquent, un aperçu des lacunes en matière de recherche est 

présenté dans la section 1.3 pour définir les objectifs de la thèse en 1.4. 

 

Selon l'analyse effectuée, une généralisation du Digital Twin peut être envisagée. On peut penser qu'un DT 

générique est constitué de plusieurs composants organisés en trois couches principales reconnues ci-dessus:  

1. La couche physique, constituée d'entités identifiées en fonction de l'étape du cycle de vie du produit. 

2. La couche réseau, qui relie le domaine physique au domaine virtuel. Elle permet de partager des 

données et des informations.  

3. La couche informatique, constituée d'entités virtuelles émulant les entités réelles correspondantes, 

y compris les modèles et les analyses basés sur les données, les modèles basés sur la physique, l'application 

et l'utilisateur. 

Les critères de conception du DT ne sont pas bien évalués, ni même standardisés. Ce sont les aspects les 

plus critiques. 

En même temps, les capacités de base fournies par un jumeau numérique générique sont : 

1. Emuler : voir, mettre à jour, conceptualiser. 

2. Penser : comparer, raisonner.  

3. Agir : informer, aider à la décision. 

 

Pour la grâce de cette généralisation, nous envisageons les futurs sujets de recherche potentiels suivants : 

Question de recherche n° 1.  

NOUVELLES OPPORTUNITÉS COMMERCIALES 
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La plupart des applications jumelles numériques se réfèrent à une seule phase du cycle de vie d'un produit, 

et elles semblent être utilisées pour des processus standard existants. D'autre part, il y a, par exemple, 

relativement peu d'applications de jumelage numérique pour soutenir les entreprises de réseau. Le jumelage 

numérique pourrait potentiellement connecter des produits, des personnes, des machines et des entreprises 

dans l'espace virtuel. Le jumeau numérique peut potentiellement aider à intégrer même la chaîne 

d'approvisionnement entière, à travers toutes les phases du cycle de vie des produits. Ces potentialités 

peuvent donc aider à créer ou à développer de nouveaux scénarios ou de nouveaux modèles commerciaux 

pour la coopération entre entreprises.  

 

Question de recherche n° 2.   

CARACTÉRISTIQUES ÉVOLUTIONNELLES (adaptabilité, maintenabilité ou flexibilité dans le temps). 

Le jumeau numérique peut être développé pour différentes fonctions dans chaque phase du cycle de vie en 

fonction du contexte ou du domaine d'application. Le Digital Twin doit évoluer de manière synchrone avec 

le système réel tout au long de son cycle de vie. Le DT est généralement appliqué dans des contextes 

caractérisés par l'incertitude et la complexité, où les conditions de travail peuvent varier en fonction de 

facteurs externes et internes. Le DT doit avoir la capacité de modifier sa configuration initiale et de s'adapter 

à la situation actuelle. Les questions de recherche devraient porter sur les critères de conception de jumeaux 

numériques capables d'évoluer, de s'adapter, de s'échelonner et/ou de se reconfigurer de manière autonome. 

 

Question de recherche n°3.   

FONCTIONNALITÉS D'INTERACTION 

Les applications Digital Twin existantes sont principalement développées à des fins de prédiction et 

utilisées pour aider les décideurs humains à prendre des décisions. Les services assurés par DT peuvent 

varier en fonction non seulement des technologies disponibles mais aussi de sa conception : par exemple 

l'architecture, l'interaction des composants.  En effet, le domaine inexploré de la recherche est celui des 

potentialités de synergie entre les caractéristiques et les fonctionnalités des composants, à condition que les 

technologies soient tout à fait nouvelles et inexplorées. L'interaction entre les composants est un aspect 

critique de la conception.  Cette interaction peut modifier les structures internes de l'architecture en termes 

de propriétés ou de fonctionnalités. Les connexions prévues entre les composants n'assurent pas 

nécessairement une fonctionnalité orchestrée. 

 

Question de recherche n°4.  

ARCHITECTURE DT 
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Le DT consiste en un ensemble de modèles aux structures et comportements complexes, qui reflètent les 

opérations en temps réel du système physique.  

L'absence d'une architecture de référence est presque bien évaluée (Lu et al. 2020). L'absence d'une 

définition univoque d'une architecture de référence numérique et univoque conduit à développer des 

solutions Digital Twin utilisant différentes technologies, interfaces et protocoles de communication, 

modèles et données. Les solutions Digital Twin standard doivent être développées pour fournir des critères 

de conception et des contraintes de conception où les aspects architecturaux de référence, le modèle 

d'information de référence et les protocoles de communication sont clairement définis.  

Il existe des applications où les modèles basés sur les données et les modèles basés sur la physique sont 

fusionnés et d'autres où ils sont utilisés séparément. Cela dépend de la fonctionnalité pour laquelle le jumeau 

numérique a été réalisé. Cela signifie qu'il est nécessaire de clarifier les fonctions que le jumeau numérique 

peut remplir.  Cela peut permettre d'identifier les composants de fabrication qui doivent être présents dans 

les modèles numériques et, par conséquent, de définir les types de modèles et les techniques de modélisation 

à utiliser. 

Les caractéristiques d'interopérabilité et de précision sont assurées par une modélisation appropriée, afin 

de fournir une réplique virtuelle précise du système physique et d'obtenir des performances adéquates en 

temps réel. En même temps, le principe de modularisation doit être exploré pour améliorer l'efficacité de la 

modélisation : cela permettrait d'améliorer la flexibilité et la réutilisabilité des jumeaux numériques vers 

différentes applications. 

 

Numéro de recherche n°5.  

MODÉLISATION INVARIANTE DU DIGITAL TWIN 

Le produit et le système de production deviennent de plus en plus complexes, à mesure que le nombre de 

leurs composants, la fréquence des changements de la demande du marché et le besoin d'innovation connexe 

augmentent. Pour gérer cette complexité, les représentations numériques constituent un défi majeur dans 

l'amélioration de la précision des outils de simulation et d'émulation existants et futurs. Une représentation 

numérique, donc un jumeau numérique, comble le fossé entre le système physique et virtuel en améliorant 

et en soutenant la prise de décision (Estefan 2007). 

Le jumeau numérique nécessite la construction et l'application de modèles numériques représentant 

l'ensemble des ressources et des connaissances sur les processus. La modélisation d'une telle copie 

numérique du système physique pour effectuer une validation et une optimisation en temps réel est assez 

complexe et nécessite donc une grande quantité de données et quelques modèles de modélisation 

représentant la sémantique opérationnelle des éléments modélisés.  
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Cependant, il est difficile de construire un modèle précis en utilisant les approches traditionnelles basées 

sur des modèles en raison de la complexité des systèmes (J. Lee, Bagheri et Kao 2015). D'autre part, les 

récents progrès de la technologie des capteurs (Dassisti, Panetto, et al. 2017) ont permis une croissance 

significative de la collecte et de l'analyse des données, ce qui a conduit les chercheurs à se concentrer sur 

les méthodes basées sur les données. En général, l'action de modélisation a un type d'application spécifique. 

Pour cette raison, le principal défi de la modélisation de la transformation numérique consiste à créer une 

approche invariante pour différentes applications.  

 

Dans ce chapitre, l'état de l'art de la transformation numérique dans les PME et le jumeau numérique ont 

été explorés. L'état de l'art vise à démontrer et à discuter des approches développées pour construire un 

jumeau numérique.  

Le développement de modèles précis et reproductibles est considéré comme un défi pour le domaine de 

recherche du jumelage numérique.  

Sur la base des résultats de l'examen, l'objectif de la thèse est d'aborder et de réaliser la modélisation 

invariante des systèmes de fabrication.  

Afin de combler le manque de recherche lié à la modélisation invariante, le chapitre 2 présente un aperçu 

des approches existantes dans la littérature dans le but de définir le positionnement de la contribution de la 

thèse. Nous effectuons une revue exhaustive de la littérature dans la section 2.1 afin d'identifier et de décrire 

les approches basées sur des modèles dans la section 2.1.1, les approches basées sur des données dans la 

section 2.1.2, les approches hybrides dans la section 2.1.3 et le modèle de conception dans la section 2.1.4. 

En évaluant le contexte de la recherche et la limite identifiée, le positionnement de la contribution est défini 

à la section 2.2. 

 

Dans le chapitre 2, un résumé des méthodes de modélisation des systèmes a été présenté. Les approches 

peuvent être classées en trois catégories : les approches fondées sur des modèles, les approches fondées sur 

des données et les approches hybrides (J. Luo et al. 2003). Le choix de la méthode à appliquer est 

généralement basé sur le cas d'utilisation spécifique. 

Les approches basées sur les modèles reposent sur l'utilisation de modèles pour simuler le comportement 

des systèmes dans différentes conditions d'exploitation, mais ces modèles ne sont pas faciles à développer 

et à maintenir à jour pendant le cycle de vie du système (J. Luo et al. 2008). 

Les approches fondées sur les données permettent d'intégrer des paramètres dans différents domaines (par 

exemple, le produit, le processus et la logistique) dans des modèles qui seraient difficiles à construire avec 

les approches traditionnelles fondées sur les modèles. En fait, elles visent à transformer les données en 
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informations pertinentes et en modèles comportementaux fiables (Okoh et al. 2014), mais la qualité et la 

portée des données jouent un rôle essentiel (Kusiak 2018).  

Les principaux défis des approches fondées sur les données concernent les ensembles de données massifs 

et la haute dimensionnalité, c'est-à-dire les connaissances préalables nécessaires pour comprendre les 

modèles.  

En même temps, une approche unique ne peut pas être adaptée à toutes les applications différentes en raison 

de la complexité et de la variété qui caractérisent les systèmes de fabrication. Des approches hybrides 

(Tidriri et al. 2016) ont été développées pour faire face à des problèmes spécifiques (X. Zhang et Hoo 

2011). Les approches hybrides ne définissent pas une solution et un cadre communs à appliquer aux 

différents systèmes (Ghosh, Ng, et Srinivasan 2011).  

Pour cette raison, le domaine des modèles de conception orientés objet est étudié. Le modèle de conception 

(OOP) définit, développe et met en œuvre une solution répétable à un problème courant dans le domaine 

du génie logiciel.  

Le positionnement de la contribution de la thèse consiste à rendre la modélisation plus structurée et plus 

fiable. La question clé à traiter est celle de l'invariance. L'idée est de détecter automatiquement à partir des 

données les constructions de modélisation invariantes. Les constructions de modélisation invariantes 

doivent être développées pour décrire/émuler un système indépendamment de son contexte d'application. 

Les concepts de modélisation invariante basés sur des données peuvent être utilisés et notamment réutilisés 

pour créer des modèles numériques pour différents systèmes ou processus (Semeraro, Lezoche, et al. 2019). 

The chapter 3 aims at formalising an approach to detect and to formalize invariant modelling constructs 

based on the data analysis. Each single state is described in a dedicated section. 

 

The approach is articulated in eight different stages as shown in Figure 8. The stages are: 1) Definition of 

the system; 2) System model; 3) Data selection; 4) Knowledge discovery; 5) Knowledge extraction; 6) 

Knowledge formalization; 7) Design criteria for building a digital twin; 8) Knowledge re-use. 

 

Le chapitre 3 vise à formaliser une approche permettant de détecter et de formaliser des constructions de 

modélisation invariantes basées sur l'analyse des données. Chaque état est décrit dans une section dédiée. 

L'approche est articulée en huit étapes différentes. Ces étapes sont les suivantes :  

1. Définition du système à analyser avec l'analyse énergétique. 

Pour la définition du système à analyser, deux approches différentes ont été combinées. La première est 

l'analyse du cycle de vie car elle évalue la quantité de ressources consommées et les émissions relatives. La 

seconde est l'analyse énergétique, car elle définit l'infrastructure de l'information. 
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Les étapes de l'approche combinée sont présentées et décrites ci-dessous : 

• Identifier le scénario de fonctionnement des systèmes analysés, ainsi que le choix des produits et le 

processus de fabrication associé en définissant le modèle thermodynamique des systèmes. 

• Diviser le système en différents sous-systèmes et dessiner une représentation détaillée du 

fonctionnement de chaque sous-système considéré. 

• Effectuer un bilan énergétique de chaque sous-système, en fournissant un indice critique basé sur la 

perte d'énergie. 

• Définir les paramètres thermodynamiques critiques à mesurer pour chaque sous-système. 

 

2. Modèle du système par SysML. 

L'objectif du modèle de système est de montrer comment les composants du système, leur contenu 

(propriétés de valeur, comportements, contraintes) et leurs relations interagissent (Friedenthal, Moore et 

Steiner 2014). Le langage de modélisation choisi est le SysML.  

L'outil choisi est IBM rational rhapsody® designer for systems engineers (https://www.ibm.com/uk-

en/marketplace/systems-design-rhapsody). Il s'agit d'un logiciel qui permet de créer un environnement 

grâce auquel le modèle, conçu avec des règles standardisées, peut être simulé.  

En particulier, l'outil fournit l'analyse des exigences du système, le développement visuel du modèle afin 

de capturer la conception graphiquement et, également, la simulation et l'exécution du modèle qui sont 

utiles pour valider le comportement du système.  

Les étapes de modélisation à réaliser peuvent être résumées comme suit : 1) modéliser les exigences et le 

cas d'utilisation ; 2) modéliser les sous-systèmes dans des diagrammes de définition de blocs ; 3) modéliser 

les relations entre les sous-systèmes dans des diagrammes de définition internes ; 4) modéliser les 

contraintes dans des diagrammes paramétriques ; 5) modéliser le comportement du système dans des 

diagrammes de machines d'état. 

 

3. Sélection des données. 

Les étapes précédentes permettent de définir les données sélectionnées, leurs caractéristiques et les 

performances du système (Dassisti, Siragusa et Semeraro 2018). Les données sont un élément important 

pour la surveillance et la modélisation de systèmes complexes. Les données contiennent des informations 

utiles pour l'optimisation du système. La disponibilité de connaissances sur les processus, basées sur des 

systèmes de mesure solides (très souvent avec un réglage en ligne) permet de suivre clairement les 

caractéristiques du système et son évolution. Ces actions permettent de collecter et de convertir les données 

en informations, de partager les informations acquises, de formaliser les connaissances, de mesurer 
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conjointement les performances et d'exploiter les compétences et les connaissances. L'idée principale ici 

est que la mesure est le fondement du modèle de connaissance d'un système réel. La surveillance continue, 

la collecte et l'analyse des données fournissent des informations actualisées sur les comportements du 

système dans un flux continu. 

 

4. Découverte de connaissances par l'analyse des concepts de relations. 

Les données sélectionnées dans les étapes précédentes sont utilisées pour la découverte des connaissances. 

Le data mining multi relationnel (MRDM) et plus particulièrement l'approche de l'analyse de concepts 

relationnels (RCA) est l'approche basée sur les données qui a été sélectionnée pour l'association de 

découverte (Rouane-Hacene et al. 2013). La RCA étend l'analyse formelle des concepts (FCA) en 

permettant l'information multi relationnelle (Rouane-Hacene et al. 2013). 

 

Étant donné un ensemble d'objets, un ensemble d'attributs, et défini les relations entre les objets et les 

attributs, un concept formel représente un sous-ensemble d'objets partageant le même sous-ensemble 

d'attributs. Un concept est constitué de deux parties : son extension qui consiste en tous les objets 

appartenant au concept, et son intention qui comprend tous les attributs partagés par ces objets. Cette 

compréhension permet de découvrir formellement des associations entre les concepts et donc de reconnaître 

quels concepts sont étroitement liés en fonction de l'ensemble des attributs partagés (Williams et Simoff 

2006). La RCA étend la FCA au traitement d'ensembles de données multi-relationnelles, chacun doté de 

son propre ensemble d'attributs, et aux relations entre ceux-ci (Rouane-Hacene et al. 2013). 

 

5. Extraction des connaissances.   

Un modèle invariant basé sur des données contient les sections suivantes : 

• ID Pattern : nom unique qui aide à identifier le modèle. 

• Nom du modèle. 

• Description : une description de l'objectif du modèle et de la raison de son utilisation. 

• Exemple de règle d'association : un exemple de concept pour le modèle dans l'analyse. 

• Vue des données : une représentation des données pour le modèle en analyse. 

• Vue du modèle SysML : une représentation graphique de l'association entre les données. Un 

diagramme de définition de bloc ou un diagramme de définition interne ou un diagramme 

paramétrique ou d'état peut être utilisé à cette fin. 

• Applicabilité : situations dans lesquelles ce modèle est utilisable. 
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6. Formalisation de la connaissance. 

Les connaissances extraites doivent être formalisées pour être compréhensibles et accessibles.  Le système 

d'entrepôt de données peut être utilisé pour la collecte, la connexion, la gestion et l'analyse de données 

provenant de sources hétérogènes. Le langage SQL (Structured Query Language) est le langage standard 

qui peut être utilisé pour le stockage, la manipulation et la récupération de données stockées dans une base 

de données relationnelle : 1) Exécuter des requêtes sur une base de données ; 2) Créer des procédures 

stockées dans une base de données ; 3) Créer des tableaux de bord pour représenter la signification de 

chaque construction guidée par les données. De cette façon, chaque construction peut être facilement 

formalisée, analysée et interprétée. 

 

7. Critères de conception. 

Les constructions formalisées basées sur des données représentent les critères de conception pour la 

construction d'une interface numérique simple et efficace pour l'utilisateur final afin d'aider les employés 

dans le processus de prise de décision. Une construction guidée par les données peut inclure des règles, des 

contraintes et des déductions liées aux processus de production, telles que la contrainte de la capacité de 

traitement d'un certain équipement. Elles peuvent être formalisées dans des algorithmes pour que le DT 

puisse juger, évaluer, optimiser et/ou prévoir. 

 

8. Réutilisation des connaissances. 

Les connaissances formalisées peuvent être utilisées directement dans d'autres systèmes pour concevoir des 

jumeaux numériques ou pour d'autres applications. L'objectif est d'utiliser les mêmes modèles pour la 

modélisation d'autres systèmes. De cette façon, des modèles basés sur des données peuvent être combinés, 

en fonction de l'application spécifique, pour créer facilement des modèles dynamiques. 

 

Le chapitre 4 présente une case d’étudie et l’application de l’approche développé.  

Master Italy s.r.l, est une PME italienne qui produit de petites ferrures pour les châssis de fenêtres civils 

(https://www.masteritaly.com/). Master Italy réalise 97% de la valeur ajoutée de sa production interne, 

suivant la stratégie d'intégration verticale, poursuivie depuis sa fondation.  

Le groupe Master réalise 97% de la valeur ajoutée de sa production interne en couvrant toutes les phases 

précédant la vente du produit : de l'analyse des besoins du marché à la conception, au prototypage et à la 

production des marchandises. Ce choix, dans le passé, a été couronné de succès pour les raisons suivantes 

: a) réduction des délais, b) maîtrise des coûts, c) accumulation du savoir-faire en matière de processus, d) 

croissance de l'offre. Actuellement, cependant, les tendances du marché identifient des problèmes tels que 
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la maîtrise des coûts des produits, l'introduction de nouvelles technologies, la variabilité de la demande du 

marché, la réduction de la taille moyenne des commandes, la demande de produits personnalisés.  

Dans ce contexte, l'entreprise a décidé de travailler stratégiquement sur l'innovation des processus et des 

produits par l'introduction ou le développement de technologies liées à l'industrie du futur.  

Les avantages escomptés du Master en ce qui concerne l'augmentation de l'"intelligence" de l'usine sont 

résumés comme suit : 

- Aider les gens à prendre des décisions rapidement et efficacement, à réduire les erreurs, à travailler de 

manière efficace et ergonomique. 

- Analyser les différentes lignes de production, afin d'identifier les problèmes qui, s'ils sont comparés, 

déterminent l'amélioration exponentielle des performances de l'ensemble du système  

- Evaluer les actions possibles à entreprendre, lorsque les processus de production sont exposés à des 

événements extérieurs. 

- Prendre des décisions et faire des prévisions plus précises en termes de production et de consommation.  

- Identifier et quantifier les ressources qui contribuent à l'augmentation de l'efficacité des systèmes.  

- Contrôler et superviser l'utilisation des ressources dans les différentes phases du processus de production.  

- Partager et intégrer les informations entre tous les membres de l'entreprise. 

- Optimiser les performances de l'entreprise. 

 

L'approche décrite au chapitre 3 a été appliquée à la conception et au développement d'un jumeau 

numérique, basé sur des modèles invariants basés sur des données :  

- Simplifier la programmation et le contrôle de la production. 

- Simplifier la programmation et le contrôle de la production. Augmenter la productivité. 

- Éliminer les erreurs lors des opérations. 

- Réduire la courbe d'apprentissage de l'opérateur. 

Il est utile de prouver la qualité de l'idée et de répondre aux exigences mentionnées ci-dessus. 

 

L'analyse LCA a été rédigée en Master. L'objectif de l'analyse LCA est d'évaluer la quantité de ressources 

nécessaires et les émissions produites pour fabriquer les différents composants. L'LCA a été réalisée à l'aide 

du logiciel SIMAPRO® en utilisant la base de données Eco invent.  

Les produits les plus importants de l'entreprise sont les charnières, les coins en acier, les poignées et les 

oscillo-battants utilisés pour les fenêtres en aluminium. Grâce à l'évaluation LCA, le produit sélectionné, 

est le coin en acier puisque l'impact du PRP100 est : 0,282115 kg CO₂eq/pcs. 



Contribution to the Formalization of Data-Driven Invariant Modelling Constructs of Cyber-Physical Systems 142 

 

Les différents composants de l'angle en acier sont soumis à plusieurs processus mécaniques : moulage sous 

pression de l'aluminium, moulage sous pression du zamak, vernissage et assemblage. En analysant chaque 

processus de production, la plus grande contribution est donnée par le processus de moulage sous pression 

de l'aluminium (1 1395 kg CO₂eq/pcs en raison de la consommation de méthane). 

Es connaissances formalisées peuvent être utilisées directement dans d'autres systèmes pour la conception 

de jumeaux numériques ou pour d'autres applications. L'objectif est d'utiliser les mêmes modèles pour la 

modélisation d'autres systèmes. De cette façon, des modèles basés sur des données peuvent être combinés, 

en fonction de l'application spécifique, pour créer facilement des modèles dynamiques. 

 

Le SysML vise à formaliser les aspects suivants du système : 1) Composition structurelle, interconnexion 

et classification ; 2) Contraintes sur les propriétés physiques et les performances ; 3) Comportement basé 

sur les fonctions et les états ; 4) Allocations entre comportement, structure et contraintes. 

 

Les données sélectionnées sont des données provenant de : PLC, MES. Les bases de données PLC et MES 

couvrent les 18 derniers mois de production.  

La RCA est appliquée pour trouver automatiquement les associations entre le paramètre technologique, le 

temps d'arrêt de la machine et le temps d'arrêt de la machine des caractéristiques. 

Des exemples des patterns découvertes sont dans les tables : 
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P1: MOULD FILLING PATTERN 

• ID: P1 
• NOM DU MODÈLE : MOULD FILLING PATTERN 

• DESCRIPTION : le modèle vise à montrer et à décrire les corrélations entre les paramètres C1, 
C2, CC. Le modèle représente la course du piston pour le remplissage du moule. Cela a un impact 
sur la qualité du produit (SM). 

P1 EXEMPLE DE REGLE D’ASSOCIATION : 
14675 : T1_1, SM_1 → 
C1_5, C2_1, V1_5, T2_1, CC_2, KO, CHECK, Ex gen pbs : (MICROSTOP FOR SM_LimLow, , MEDIUM COST)  

[0.00347877, 1] 

P1 VUE DE DONNÉES :  

L'ensemble des données comprend : 
• Parcours du piston C1 (mm) dans la 

première phase de l'injection 
• Course du piston C2 (mm) dans la 

deuxième phase de l'injection 
• Course du piston CC (mm) dans la 

phase multipliée de l'injection 
• Épaisseur du produit SM (mm²) 

C1 C2 CC SM 

295 81 3 17 

295 79 3 17 

297 79 4 16 

297 79 3 17 

297 79 3 17 

296 81 3 16 

297 80 3 16 

297 80 3 16 
 

P1 VUE DU MODÈLE SYSML : 

P1 APPLICABILITÉ : Utilisez le modèle de remplissage de moule pour : 
• Décrire et prévenir les problèmes de micro-arrêt. 
• Décrire et prévenir les problèmes lors des processus de remplissage. 
• Décrire le comportement du cours du piston. 
• Décrire le comportement d'un système d'injection. 

 

itsVELOCITY_1PHASE:VELOCITY_1PHASE
1 «ConstraintProperty»

Constraints

{{V1} V1=C1/T1}

T1:Second

C1:Meter V1:MeterPerSecond

itsVELOCITY_2PHASE:VELOCITY_2PHASE
1 «ConstraintProperty»

Constraints

{{V2} V2=C2/T2}

T2:Second

C2:Meter V2:MeterPerSecond

itsCOURSE_TOTAL:COURSE_TOTAL
1 «ConstraintProperty»

Constraints

{{Ctot} Ctot=C1+C2+CC}

CC:Meter

C2:Meter

Ctot:Meter

C1:Meter

itsTHICKNESS_1:THICKNESS
1 «ConstraintProperty»

Constraints

{{SM} SM=Cp-(C1+C2+CC)}

Ctot:Meter

Cp:Meter

SM:Meter
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P2: MACHINE RESTART PATTERN 

• ID: P2 
• NOM DU MODÈLE : MACHINE RESTART PATTERN 
• DESCRIPTION : le modèle vise à montrer et à décrire les corrélations entre V2, T2, PM, PS, 

SM, TC. Le modèle indique le redémarrage de la machine après un temps d'arrêt. Le redémarrage 
d'une machine génère une refonte du produit. 

P2 EXEMPLE DE REGLE D’ASSOCIATION : 
78953 : TC_5, T2_5, PS_1, SM_5, Ex gen pbs : (RECASTING START MACHINE AFTER CLEANING OF THE EQUIPMENT) 
→  PM_1, V2_1, KO 

[0.000484605, 1] 

P2 VUE DE DONNÉES : 
L'ensemble des données comprend 
• La vitesse du piston V_2 

(m/sec) dans la deuxième 
phase de l'injection. 

• Le temps de piston T_2 (msec) 
dans la deuxième phase de 
l'étape d'injection. 

• Pression multipliée PM (Pa) 
dans la phase multipliée de 
l'étape d'injection 

• Pression spécifique PS (Pa) 
• Épaisseur du produit SM 

(mm²) 
• Temps de cycle TC (sec) 

V2 T2 PM PS SM TC 

35 175 215 928 20 33 

37 180 229 946 20 33 

37 167 231 993 20 33 

122 59 223 928 19 33 

120 60 224 933 19 33 

127 55 223 946 19 33 
 

P2 VUE DU MODÈLE SYSML :  
 

 

P2 APPLICABILITÉ : Utilisez le modèle de redémarrage de la machine lorsque : 
• Décrire et prévenir les problèmes de refonte. 
• Décrire le redémarrage d'une machine. 

 

SM:int

TC:int

itsF55_EXTRACTION:F55_EXTRACTION

PS:int

PM:int

«flow»

itsF55_COOLING_1:F55_COOLING

V2:int

T2:int

«flow»

itsF55_INJECTION_1:F55_INJECTION
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P3 CLAMPING SYSTEM PATTERN 

• ID: P3 
• NOM DU MODÈLE : CLAMPING SYSTEM PATTERN 
• DESCRIPTION : Le modèle vise à montrer et à décrire les corrélations entre les PM, les PS et 

les FC. Le modèle identifie l'étape de refroidissement du processus de moulage de l'aluminium sous 
pression. Les pressions multipliées sont la force de serrage et les paramètres de contrôle de l'état du 
système de serrage. Les valeurs de la force de serrage FC et de la pression multipliée PM peuvent 
générer des problèmes mécaniques. 

P3 EXEMPLE DE REGLE D’ASSOCIATION : 
 
9302 : PM_2, Ex gen pbs : (HIGH COST) →  
A_M, 10A035, FC_4, CHECK Ex gen pbs : (MECHANICAL MAINTENANCE, MOULD PROBLEM, PLUNGER PROBLEM, 
MECHANICAL COMPONENT PROBLEM, DOWN TIME (>60MIN), HIGH COST) 
[0.000501912, 1] 
 

P3 VUE DE DONNÉES : 
  
L'ensemble des données comprend : 

• Force de serrage FC (kN) 
• Pression multipliée PM (Pa) 

PM FC 

217 5780 

217 5737 

218 5780 

218 5748 

218 5780 

218 5791 

217 5759 

217 5758 
 

P3 VUE DU MODÈLE SYSML : 

P3 APPLICABILITÉ :  Utilisez le modèle de système de serrage pour : 
• Décrire le comportement d'un système de serrage (par exemple, le serrage d'un moule). 
• Décrire et prévenir les pannes mécaniques. 

 

itsSPECIFIC_PRESSION_3PHASE:SPECIFIC_PRESSION_3PHASE
1 «ConstraintProperty»

Constraints

{{PS} PS=PM*(Ap/Ac)}

Ap:SquareMeter

PM:Pascal

Ac:SquareMeter

PS:Pascal

itsOPENING_FORCE:OPENING_FORCE
1 «ConstraintProperty»

Constraints

{{Fopen} Fopen=PS*As}

PS:Pascal

As:SquareMeter

Fopen:Newton

itsCLAMPING_FORCE:CLAMPING_FORCE
1 «ConstraintProperty»

Constraints

{{FC} FC=(PS*As)*1.2}

PS:Pascal FC:Newton
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Les patterns décrits (P1, P2, P3) ci-dessus ont été utilisés pour concevoir le jumeau numérique du processus 

de moulage sous pression afin de prévoir les micro-blocs et les problèmes mécaniques, comme le montre 

la figure 50.  

Les solutions proposées ici consistent en un environnement de production réaliste, mais "enrichi" de 

connaissances technologiques intrinsèques. Avec notre approche, les paramètres physiques interagissent 

avec l'espace numérique, selon des propriétés et des règles spécifiques, à comprendre : 

• Le comportement du processus. 

• Les corrélations entre les paramètres technologiques. 

• Les corrélations entre les paramètres et les effets tels que les défauts de qualité, les problèmes de 

maintenance, etc. 

 

Le jumeau numérique a été conçu pour aider les employés dans le processus de prise de décision :  

• Identifier de manière autonome les différents problèmes de qualité des composants, par rapport aux 

normes (dimensions, tolérances, finitions, quantité). 

• Alerter les opérateurs par des systèmes d'alarme appropriés en cas de situations anormales ou hors 

tolérance.  

• Analyser et corréler les symptômes et les causes des défaillances et des défauts de production. 

• Soutenir le choix des actions correctives pour éliminer les défaillances et défauts détectés. 

 

Le jumeau numérique reçoit et lit un ensemble de données, émule le comportement de la machine et 

reconnaît les éventuelles défaillances. 

Les connaissances formalisées peuvent être utilisées pour la conception numérique jumelle d'autres 

procédés de fabrication de l'entreprise. L'objectif est d'appliquer les mêmes modèles de conception basés 

sur les données dans d'autres domaines, par exemple les besoins des clients, la conception des produits et 

le suivi des produits. 

 

Cette thèse contribue à définir et à présenter la manière de construire des modèles invariants guidés par les 

données pour la transformation de la modélisation numérique.  

Au chapitre 1, la transformation numérique dans les PME a été analysée. En particulier, le principal 

problème lié à la mise en œuvre de l'industrie du futur dans les PME est de comprendre les nouvelles 

technologies, et de définir comment, quand et où elles pourraient être appliquées. Le jumelage numérique 

a été examiné pour résoudre ce problème. 
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Dans cette thèse, le jumeau numérique est défini comme suit : << Un modèle adaptatif qui émule le 

comportement d'un système physique en obtenant des données en temps réel pour se mettre à jour tout au 

long de son cycle de vie. Le jumeau numérique reproduit le système physique pour prédire les défaillances 

et les possibilités de changement, afin de prescrire des actions en temps réel pour optimiser et/ou atténuer 

les événements inattendus en observant et en évaluant le profil du système d'exploitation>>. 

L'état de l'art du Digital Twin a permis de définir les lacunes de la recherche. La modélisation invariante 

est la question de recherche à aborder. Une revue de la littérature sur les approches basées sur des modèles, 

guidées par les données et hybrides a été réalisée au chapitre 2. Elle nous a permis d'identifier les approches 

concernant les approches basées sur les modèles et les approches guidées par les données. D'après les 

résultats de l'analyse, une limitation importante est que la modélisation de la copie numérique du système 

physique est assez complexe et que l'action de modélisation a généralement un type d'application 

spécifique. 

Pour cette raison, le principal défi consiste à créer des constructions de modélisation invariantes basées sur 

des données à utiliser et à réutiliser pour différentes applications. La recherche consiste à formaliser et à 

normaliser des constructions de modélisation invariante pour modéliser différents systèmes.  

Le résultat est la formalisation d'une approche dans le chapitre 3 pour découvrir des constructions basées 

sur des données. Elle implique la combinaison d'approches basées sur les données et les modèles avec des 

modèles de conception pour définir et identifier la modélisation invariante basée sur les données. 

L'approche itérative comprend huit étapes différentes : 

 

1. Définition du système à analyser avec l'analyse énergétique. 

2. Modèle du système par SysML. 

3. Sélection des données. 

4. Découverte de connaissances par l'analyse des concepts de relations. 

5. Extraction des connaissances. 

6. Formalisation de la connaissance. 

7. Critères de conception. 

8. Réutilisation des connaissances. 

 

Enfin, au chapitre 4, nous avons évalué notre contribution au moyen d'une étude de cas : Master Italy s.r.l. 

Le procédé de moulage sous pression de l'aluminium est analysé sur la base du résultat d'une analyse 

énergétique. Le processus de moulage sous pression est modélisé en SysML pour décrire les exigences, la 

structure et le comportement. L'analyse du concept de relation est utilisée pour détecter automatiquement 
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les associations explicites et tacites dans les données. Cela a permis de formaliser des constructions de 

modélisation invariantes basées sur des données. Trois modèles ont été utilisés pour développer une plate-

forme web. Un jumeau numérique du processus a été réalisé à l'aide d'un ensemble de constructions guidées 

par les données découvertes. 

 

Le travail présenté dans cette thèse induit d'autres pistes de recherche qui peuvent être envisagées dans le 

futur : 

 

• Le premier axe de recherche consiste à enrichir la sémantique du modèle pour créer une bibliothèque 

complète de modèles formalisés basés sur des données. Cela signifie sélectionner différentes lignes de 

production pour appliquer les mêmes modèles afin de concevoir des modèles pour différentes 

applications et portées. D'autres ensembles de données doivent être sélectionnés, tels que les données 

logistiques, les données sur les produits, les données sur les clients, afin d'extraire de nouveaux modèles 

basés sur des données.  

De cette façon, il est possible de créer une bibliothèque de modèles cohérente. Une bibliothèque de 

modèles est une collection de modèles qui décrivent un problème, un comportement ou une situation 

récurrente. De cette façon, les modèles basés sur des données peuvent être combinés pour créer 

facilement des modèles virtuels.    

 

• L'état de l'art démontre que les approches basées sur des modèles ou guidées par les données sont plus 

analysées que les approches hybrides. Par conséquent, la deuxième orientation de la recherche consiste 

à proposer de nouvelles contributions pour la combinaison des approches fondées sur des modèles et 

des données afin d'améliorer la modélisation des systèmes. 

 

• Le troisième axe de recherche consiste à explorer la sémantique et la syntaxe des modèles afin de mieux 

formaliser le concept d'invariance. Qu'est-ce que l'invariance ? Comment définir l'invariance ? 

Comment reconnaître l'invariance dans les modèles ? Ce sont quelques-unes des questions qui 

pourraient guider la recherche.  

 

 
• La quatrième direction de recherche consiste à automatiser l'approche afin de reconnaître 

automatiquement les nouvelles constructions de modélisation pilotées par les données en utilisant des 
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algorithmes d'apprentissage automatique ou des réseaux de neurones. Cela signifie qu'il faut fixer des 

critères ou des éléments communs pour effectuer la reconnaissance.  
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