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Abstract: In the era of digital transformation, industry is facing multiple challenges due to the need
for implementation of the Industry 4.0 standards, as well as the volatility of customer demands. The
latter has created the need for the design and operation of more complex manufacturing systems and
networks. A case study derived from Process Industries (PIs) is adopted in this research work in order
to design a framework for flexible design of production lines, automation of quality control points,
and improvement of the performance of the manufacturing system. Therefore, a Digital Shadow
of a production line is developed to collect, analyze and identify potential issues (bottlenecks). An
edge computing system for reliable and low-latency communications is also implemented. The
digital model is validated using statistical Design Of Experiments (DOE) and ANalysis Of VAriance
(ANOVA). For the assessment of what-if scenarios, the Digital Shadow model will be used in order to
evaluate and find the desired solution. Ultimately, the goal of this research work is to improve the
design and performance of the industry’s production section, as well as to increase the production
rate and the product mix.

Keywords: Industry 4.0; digital shadow; edge computing; robust engineering; design of experiments;
process industry

1. Introduction

A manufacturing system is a combination of humans and mechanical equipment,
connected with common information and material flow [1]. Manufacturing systems and
networks are facing constant challenges in producing new products at shortened time-to-
market due to the current highly competitive business environment [2], which is mainly
driven by the growing need for highly customized products and demand volatility [3].
However, continuous technological development enables the integration of customers
through the entire product lifecycle, with the provision of functionalities for creation,
customization and personalization of new products [4]. From an enterprise point of view,
the Mass Customization and Mass Personalization paradigms exert pressure, since it
becomes almost impossible to (i) build up stock ahead of time, (ii) plan surges in product
demands, (iii) predict new trends, and (iv) maintain a variety of machinery that can produce
different products at the lowest possible cost [5–9].

Small and Medium-sized Enterprises (SMEs) are cornerstones of economic devel-
opment for the majority of the countries since they represent approximately 90% of the
total number of businesses, and more than 50% of employment opportunities [10]. SMEs
contribute up to forty 40% of national domestic product, making them important employers
in the global market [11]. SMEs need to adapt to ever-changing business conditions in
order to succeed. The authors of [12,13] have investigated the most prevalent challenges
for SMEs, in order to achieve resiliency and sustainability. Regarding [14–16], sustainabil-
ity, resiliency and human-centricity are the main pillars of Industry 5.0. Industry 5.0 is
characterized as a new technological revolution that places the well-being of workers at
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the core of the manufacturing process, by making production respect the boundaries of
our planet and the harmonious symbiosis between humans and machines. Therefore, the
main technological pillars of Industry 5.0, along with the key enabling technologies in the
transition from Industry 4.0 to Industry 5.0, will contribute to the transit of SMEs to the
core of manufacturing production and will overcome the challenges arising from mass
personalization [15].

Key technologies supporting the wave towards digital transformation are Big Data
Analytics (BDA), Artificial Intelligence (AI), Internet of things (IoT), Cloud Computing
and Edge Computing, to mention but a few [17]. By implementing the aforementioned
advanced technologies, SMEs aim to achieve high levels of production flexibility, quality
and efficiency. However, in case SMEs are unable to participate in the highly challenging
strategic programs of the aforementioned countries, they can apply techniques that will
improve the operation of SMEs; the most common techniques are discussed in the manu-
facturing tetrahedron: (i) cost, (ii) quality, (iii) flexibility and (iv) time. This manufacturing
tetrahedron contains four general theories that can be used for decision-making in real
case studies.

When the SME belongs to the category of Process Industry (PI), there are many
issues that the company might face, such as low flexibility, the need to store a large
number of products, seasonality, and a market demand influenced by geopolitical and
societal disturbances. The authors of [18] support the idea that both Industry 4.0 and
Society 5.0 are an opportunity adopted by PI SMEs in order to transform their business
model, increase customer satisfaction and improve the value chain of a food product
through traceability. Therefore, the PI needs a good strategy to continue to be competitive
with other companies and to assimilate changes in the dynamic market environment.
According to [19–21], companies that belong to the category of PIs invest small capital into
Research and Development (R&D), and this is mainly observed in EU member states [20].
As stated in [22], in Greece, the value added to the manufacturing of food, beverages, and
tobacco is very high compared to other developed countries. In Greece, the food sector
plays an important role in the level of export share and in a positive trade balance; however,
there is a lack of digital transformation within companies and little adaption of Industry
4.0 technologies and techniques to the industrial landscape [23]. In this case study, a Digital
Shadow architecture will be proposed, adopting edge computing technology to increase
the digitization and digitalization level of the PI to move towards Industry 4.0 standards.
According to [24–30], Digital Shadow is a next-generation information system that allows a
more efficient operation of value-creation systems and provides holistic data from multiple
and diverse sources to support the decision-making process. Digital Shadow is a key
component of the visibility intelligence level and contributes to make, in near real-time,
management decisions, as stated in real data [31]. The development of Digital Shadow
architecture will be used in the implementation of edge computing technology to bring
the services and utilities of cloud computing closer to the end user [32]. Edge computing
technology is characterized by fast processing and quick application response time [33].

Based on the above-mentioned ideas, the key advantages of integrating Digital Shadow
technology into a conventional food industry production line are the multiple benefits
that will be analyzed in the following. More specifically, Digital Shadow technology offers
various advantages, such as enhanced efficiency by identifying bottlenecks, reducing
waste and boosting productivity. It also improves quality control by detecting any defects
or contamination and alerting managers immediately, which can prevent costly recalls
and improve customer satisfaction. In addition, implementing this technology ensures
compliance with safety regulations and protocols related to temperature control, sanitation
and allergen management. Real-time data analysis can help managers in informed decision
making, especially when dealing with issues such as equipment breakdowns or supply
chain disruptions. Ultimately, Digital Shadow technology can lead to long-term cost savings
for companies by optimizing production processes, reducing waste and improving quality
control, which can result in increased profitability and competitiveness. Furthermore,
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integrating Design of Experiments (DOE) with Digital Shadow technology in a traditional
production line contributes towards the following benefits:

1. Enhanced Process Optimization: The statistical technique of DOE can be employed to
identify critical factors that affect a particular process, enabling companies to optimize
production. By using Digital Shadow technology, real-time data can be collected
from production processes to pinpoint the most significant factors affecting efficiency,
quality, and safety. This combination enables companies to continuously optimize
production processes and to lower production costs.

2. Improved Quality Control: With Digital Shadow technology, companies can monitor
production processes in real-time, gather data from sensors and devices, and ensure
that quality parameters are met. By using DOE techniques, companies can identify crit-
ical factors affecting product quality and adjust them to improve quality consistency.
The combination of DOE and Digital Shadow technology ensures that products are
consistently produced with high quality and meet or exceed customer expectations.

3. Increased Efficiency: Digital Shadow technology allows for the collection of industrial
big data sets in real-time, giving production managers insights into how to optimize
production processes. By using DOE techniques, companies can identify the most
significant factors affecting production efficiency, such as machine speed, temperature,
or pressure. By optimizing these factors, companies can reduce cycle times, increase
production throughput and improve efficiency.

4. Reduced Downtime: By integrating Digital Shadow technology, companies can moni-
tor production processes in real-time and promptly identify potential issues that may
cause downtime. By using DOE techniques, companies can identify critical factors
affecting machine reliability, such as machine speed or maintenance schedules. As
a next step, by optimizing these factors, companies can reduce machine downtime,
leading to increased productivity and decreased maintenance costs.

5. Improved Cost Management: Digital Shadow technology can provide companies
with real-time data on production costs, such as energy usage, raw material costs and
labor costs. As a result, by using DOE techniques, companies can identify the most
significant factors that impact production costs and make adjustments to lower costs.
Finally, by optimizing production processes and reducing waste, companies can save
money on production costs, leading to improved profitability.

The contribution of this paper can be summarized as follows. The main advantage of
utilizing Digital Shadows technology and robust engineering techniques is the improved
decision-making support in PI. The production line is digitized, and the digitalization
services in combination with Industry 4.0 technologies, such as Internet of Things, Sim-
ulation and Cloud Computing, etc., are utilized. The Digital Shadow of a production
line is developed to collect, analyze, and identify potential issues, with decisions made
based on the integration of historical data and current dynamic events. The suggested
actions can be adapted, taking into consideration the current production situation. The
technology can also be used to digitize the knowledge of experienced operators, which is
crucial in the food industry, where product quality is sensitive to delicate manipulations.
The use of Digital Shadow makes the transition to Digital Twins technology easier. Robust
engineering/statistical DOE techniques are used to validate the digital model through a
specific number of experiments. ANOVA is employed to identify control factors affecting
performance and to propose alternative solutions. The research topic to be addressed in the
following paragraphs is “the definition, design, and development of a framework for the
utilization of DOE in combination with Digital Shadow, in order to further improve and
automate decision-making in a food industry”.

The rest of the manuscript is structured as follows. In Section 2, the state of the art
in Digital Shadows, Edge Computing and DOE is investigated. In Section 3 the proposed
framework of Digital Shadow is presented and discussed. In Section 4, the problem
formulation is described. In Section 5 the system implementation is presented. In Section 6
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the results are analyzed. Finally, in Section 7, the manuscript is concluded and future
research directions are discussed.

2. State of the Art

The review methodology is based on academic peer-reviewed publications drawn
from well-known academic databases, such as ScienceDirect, Scopus, Google Scholar and
Web of Science. Furthermore, the bibliometric analysis, has been chronologically limited
to the period of the last five years (i.e., 2018 up to 2023). The structure of the search query
applied for the literature investigation is as follows: TITLE-ABS-KEY (industry 4.0 AND
“Digital Shadow*” OR “Taguchi method*” OR “design of experiments*”) AND PUBYEAR
> 2017 AND PUBYEAR > 2017. The initial search returned a total of 105 scientific articles.
Among them were 52 conference papers, 38 articles, 7 conference reviews, 4 book chapters,
and 4 review papers. The results obtained from the literature investigation have been
processed with the utilization of the VOSviewer software (Version 1.6.19), which provides
additional functionalities for the visualization of the bibliometric analysis and the clustering
of the results [34]. In Figure 1 the literacy network is displayed. According to this literacy
network, the main keywords include, among others, Industry 4.0, Digital Twin, Digital
Shadow and DOE. Nodes are a qualitative representation of the volume of publications that
mention or implement the aforementioned technologies. By analyzing the visualization
of the literacy network, it can be observed that there is no visible connection between the
Digital Shadow node and the DOE node, thus indicating the innovation of the presented
research work, in which the authors aim to combine the above-mentioned concepts, in
order to fully utilize the capabilities of advanced simulation techniques.
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Figure 1. Network Visualization of Literacy Topic Area.

The relationship between the major keywords with other technologies is described in
the form of lines (links). These lines show with which additional technologies, or in what
kind of applications, Industry 4.0, Digital Twin, Digital Shadow, and DOE are implemented.
The thickness of the line is a qualitative representation of the number of implemented
applications and it is described based on the resulting tree between the lines. In Figure 2,
the density visualization of the publications is shown.
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Figure 2. Density Visualization of the Scientific Literacy Topic Areas.

In Figure 2 the breadth of research on the subject is illustrated in the form of a heatmap.
In particular, the visualization of Figure 2 is useful for unveiling the trends on which the
current research effort focuses more frequently. To further improve the interpretation of the
presented literature investigation results, all of the topics are grouped in three clusters, as
presented in Table 1.

Table 1. Clusters as Constructed by VOSviewer Software.

Cluster 1 Cluster 2 Cluster 3

Digital Twin Assembly line balancing Bolted assemblies
“as built” design Conceptual data model Cloud computing

Design for zero-defect manufacturing Cyber-physical model Edge computing
Intelligent manufacturing Data Analytics Fuzzy logic

Mesh monitoring Digital Shadow Load balancing
Quality control Digital supply chain Multi responses
ZDM mapping Industry 4.0 Response time

Life-cycle control Mixed-model stochastic Smart tightening
Smart Manufacturing Procurement 4.0 Taguchi

With clustering, any correlation between different topics is feasible, thus making easier
the recognition of non-visible linkages. For example, in Figures 1 and 2, the connections
between “DOE”, “Industry 4.0”, and “Digital Shadow” are fewer, since there are limited
research works combining the above-mentioned methods. However, from the clustering, it
becomes apparent that they are correlated.

The authors in [24] have presented three different conceptual models related to the
communication and data flow between the physical system and its digital counterpart.
The models are categorized in (i) Digital Model, in which the communication between the
systems is performed manually (asynchronous communication), (ii) Digital Shadow, in
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which the data flow is semi-automated (near real-time communication), and (iii) Digital
Twin, in which the data flow is fully automated (real-time/synchronous communication),
thus minimizing human intervention (Figure 3).
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Table 2 presents the advantages when comparing Digital Model, Digital Shadow, and
Digital Twin technologies [24–28].

Table 2. Comparative analysis of Digital Model, Digital Shadow, and Digital Twin.

Criteria Digital Model Digital Shadow Digital Twin

Efficiency
Identification of inefficiencies
and bottlenecks virtually for
process optimization

Near real-time data
monitoring and analysis to
identify inefficiencies and
bottlenecks

Uses sensors and data analytics to
create a real-time, virtual replica of a
physical production system, enabling
bi-directional communication

Quality Control
Identification of potential
quality issues before
implementation

Near real-time monitoring
and analysis of product
quality parameters

Bi-Directional near real-time
monitoring of product quality,
enabling process adjustments for
improving quality

Safety
Offline identification of safety
hazards before
implementation

Near real-time monitoring of
safety protocols & alerts for
any deviations

Near real-time monitoring of safety
protocols & provision of safety
countermeasures

Real-time Data
Analysis

Offline support for
decision-making

Near real-time data analysis
for decision-making support

Uses real-time data to provide
continuous insights for
decision-making and enable
predictive maintenance to reduce
downtime

Cost Savings

Simulation models can help
identify cost-saving
opportunities in a virtual
environment before
implementation

Optimized production
processes and improved
quality control can reduce
costs

Enables optimized production
processes, improved quality control,
and predictive maintenance to reduce
costs and increase efficiency

The industrial case study presented in this research work involves a process indus-
try, specifically within the food industry, in which there is a continuous flow of materi-
als/resources and data. Considering the delicacy of the final products (food products)
and the strict regulations to comply with, it becomes obvious that a digital twin modeling
approach is more suitable, in order to act proactively, reduce waste and ensure compliance
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to these regulations and high-quality standards. Consequently, in this research work, a
digital shadow model has been modeled and developed prior to the setup of the required
infrastructure for a fully connected industry, which will facilitate the implementation of
the digital twin model. With the integration of the developed digital shadow, engineers
are capable of monitoring offline the production processes and proceeding easily with
changes and/or modifications to production processes. Furthermore, the developed digital
shadow model can be used as an analytical tool, in order to provide feedback and insights
for decision-making, enabling adjustments to the production process parameters.

Digital Shadow is precisely designed to support decision-making in near real-time
in specific modules and has huge potential to reduce time and cost in manufacturing.
According to [33], a conceptual model for Digital Shadows is discussed and a holistic data
view on production planning and control-specific tasks based on ontology is presented. A
Digital Shadow model was implemented in a real case study for an automotive supplier, in
which raw data were collected from different machines, processed, analyzed, and reused
to make changes in the physical model [35]. According to [36], Digital Shadow was
implemented for the optimization of production systems, and DOE analysis was proposed
to find the number of experimental runs. Based on [37], Digital Shadow is characterized
as one of the most important concepts in Industry 4.0 and is used for data collection for
the entire maintenance, repair, and overhaul (MRO) service, regardless of the source data.
The authors in [38] present a conceptual framework of an application for the aeronautic
machining industry. Regarding [39], a Digital Shadow model was used to improve the
design and geometry of a turbine blade. According to the literature review and the network
visualization of the literacy topic area, as depicted in Figure 1, there is no variety within
publications on Digital Shadow models with implementation in PI, food industries, and
food manufacturing. However, there are many publications on Digital Twins technology
based on food manufacturing [40–43].

Edge computing technology enables near real-time data processing at the edge of a
network before sending this data to the cloud. The authors of [44] present an architecture
based on edge computing as an enabling technology for adaptive production, together with
the Digital Shadow. Digital Shadow is not only used for the aggregation of data but also
for pushing the data back to the knowledge space to analyze it and to control the process.
According to [45], a Digital Twin framework with the assistance of mobile edge computing
architecture was developed for industrial automation. The result was that multiple IoT
devices offload computing tasks to multiple mobile edge computing servers to reduce
end-to-end latency in near real-time intelligent analysis. The authors of [46] develop a
platform and test it in a real case study on a dairy farm. The contribution of the integration
of edge computing technology in this case study was a reduction in data traffic and an
improvement in the reliability of the communication between the edge layer and the cloud
layer. An edge computing framework based on the utilization of microcomputers has been
presented [47]. The contribution of this work is focused on the offloading of the cloud layer,
thus enabling the minimization of simulation times and, by extension, the response time of
the Digital Twin paradigm.

Digital Twin is the most prevalent modeling approach. Consequently, the Digital
Shadow model presented in this research can be considered as a preparatory stage towards
the complete digitalization of the investigated industry. Furthermore, Digital Shadows
have been previously researched, as concluded from the online literature. In Table 3, the
authors have compiled a list of key research works in the area, in order to highlight key
contributions to the body of knowledge, as well as to present ongoing challenges.
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Table 3. Achievements and Limitations Using Digital Shadow Technology.

Reference Key Contributions Challenges—Limitations

[26]
• real-time monitoring
• data analysis
• product optimization

Significant investment in:

• data infrastructure
• analytics tools

[28]
• real-time monitoring
• analysis for decision-making for production

optimization

• Lack of standardized data formats
• Lack of protocols

[29]
• real-time monitoring, and analysis for

predictive maintenance and quality control in
injection molding

Requires specialized expertise for

• development
• maintenance

of the Digital Shadow model

[34]
• real-time monitoring
• analytics
• decision-making

• Interoperability and data governance issues

[35]
• real-time monitoring
• data analysis
• optimization of manufacturing processes

• Availability & data quality
• Requires complex algorithms and machine

learning techniques

[36] • predictive maintenance • Lack of standardized data formats
• Lack of protocols

[37]

• Integration of diverse data sources
• real-time monitoring
• data analysis
• machining processes optimization

Requires specialized expertise for

• development
• maintenance

of the Digital Shadow model

[38] • real-time monitoring
• data analysis

• data privacy & security
• requires reliable internet connectivity

Robust engineering is used for designing high-quality systems at reduced costs, in-
creasing the performance of the manufacturing system, and providing inherent strength in
a system to cope with external disturbances. In the context of robust engineering, statistical
DOE is utilized for solving and optimizing alternative system configurations. According
to [48], the authors combined the discrete event simulation to select data from a real case
study and implemented DOE to analyze the experimental data and optimize the operation
of the current system. The authors of [49] describe how different geometrical designs and
machining parameters can affect the energy consumption in milling processes, using DOE
analysis. As stated in [50], robust engineering is conducted to provide the quantitative
and visual interactive effects of independent parameters on the mechanical performance of
different cable bolts. The authors of [51] present the design, development and validation
of an automated DOE toolset that is part of a larger Cyber-Physical System (CPS); this re-
search aims to demonstrate the capability to automate, characterize, and predict the power
of phases during an industrial machining process and to choose the machining toolpath
that improves energy consumption. The authors of [52] describe how an autonomous
mobile robot in production systems in the process industry can improve manufacturing
performance in terms of productivity, flexibility, and costs. This is a study where the
cutting-edge technologies of Industry 4.0 are used to improve the operation and design of
the system. With the use of advanced simulation tools, the authors of [53] have developed
a new manufacturing system for the production of railcar subassemblies. Several examples
have also been discussed in the literature regarding the food industry, investigating issues
such as (i) thermal inhibition kinetics of enzymes in fruits and vegetables, (ii) modeling
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of the heat transfer of tomatoes and other fruit and vegetables during the peeling process,
(iii) modeling of the heating process, and (iv) moisture diffusion in rice kernels during the
drying process [54,55]. The authors of [56] focus on the design and development of a simu-
lation tool, enabling the analysis of food processing systems. A methodology according
to DES is implemented to explore the dynamics and behavior of the processing systems
based on an event-driven approach. According to [57], ANOVA was used to investigate
the key control parameters and identify the factor with the biggest contribution to the
performance of the system. Thus, ANOVA is used to achieve higher quality in the final
product and for predictive maintenance. ANOVA was also used to discover the water
jet machining parameters and the interactions between them and revealed that pressure
and flow rate influence the kerf width, whereas stand-off distance and pressure influence
material removal [58]. According to [59], ANOVA analysis is performed to show the contri-
bution of each factor during the joining process. The three factors show an influence on the
electromagnetically crimped threaded surfaced tube-to-tube joint (EMCT3), but the pitch of
the thread contributes more to the strength of the EMCT3 joint than the other two factors.
The author of [60] uses ANOVA to optimize the turning parameters and, among these,
the considered parameters are cutting speed, feed rate and depth of cut. Furthermore, a
multitude of case studies have been conducted on the ANOVA method, among which the
main purpose is the study, analysis, and optimization of a product, service, or system to find
the factor that contributes the most to the performance and operation of the manufacturing
system [61–63].

Although many studies have addressed manufacturing design using digital models,
few publications combine frameworks with real data for verification, validation and further
experimentation, in cases referring to PI. In the current research, an existing line in a PI is
described, and a Digital Shadow framework is presented to improve the design, control,
operation and throughput of the production line. The implementation of the Digital Shadow
architecture will increase the digitization and digitalization level of the production line
under investigation. Moreover, DOE analysis is conducted to find the appropriate number
of experiments that have to be performed in order to find the key factors that most affect
the operation of the current production line. In the end, the proposed solution will be
evaluated using the validated digital model to achieve the desired objectives according to
the selected Key Performance Indicators (KPIs). Additionally, the main points of the paper,
comparing it with other key publications [25,30,48,52] is presented in Table 4.

Table 4. Contribution/Comparison Current Paper with Other Key Publications.

Reference Contribution Main Topics Covered Applications and Benefits

[24]

Presents a framework for the
design, modeling, and
implementation of Digital
Twins, and discusses their
potential applications and
benefits.

Design and modeling of Digital
Twins.—Applications of Digital Twins in
various industries, including
manufacturing, healthcare, and
transportation.—Benefits of using Digital
Twins, such as reducing development
time and cost, improving system
performance, and enabling predictive
maintenance.

Various industries, including
manufacturing, healthcare,
and transportation. Reducing
development time and cost.
Improving system
performance. Enabling
predictive maintenance.

[29]

Presents a conceptual
framework of Digital Shadow
that allow for a holistic data
view on production planning
and control

Design and modeling of Digital
Shadow—Digital Shadow for production
process and control in the injection
molding

Manufacturing system
(injection molding).
Minimizing rejection rates in
injection molding. Decisions
can be made simultaneously
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Table 4. Cont.

Reference Contribution Main Topics Covered Applications and Benefits

[47]

Provides a framework for
designing a production
system based on Digital
Model technology and
different simulation scenarios
are evaluated using DOE

Design of manufacturing systems using
Digital Model technology—Different
simulation scenarios based on the DOE
are studied towards the optimization of
the production

Manufacturing systems
(copper tube production line).
Low cost, quick analysis, low
risk. Improving system
performance.

[51]

Provides an overview of the
historical evolution of
manufacturing systems and
discusses the major trends
and challenges in the field.

Historical evolution of manufacturing
systems, from craft production to modern
cyber-physical systems.—Major trends
and challenges in the field.—Insights into
the future of manufacturing, including
the integration of new technologies and
the need for sustainability.

Manufacturing systems.
Integration of new
technologies. Need for
sustainability.

Current
Manuscript

Presents a method for
designing manufacturing
systems based on Digital
Shadow technology and
robust engineering principles.

Design of manufacturing systems using
Digital Shadow
technology.—Implementation of robust
engineering principles.—Advantages of
using Digital Shadow technology and
robust engineering in manufacturing
systems design.

Manufacturing systems (food
industry). Improving system
resilience and robustness.
Reducing manufacturing
costs. Improving system
performance.

3. Proposed Digital Shadow Model

The physical system of the proposed framework consists of machines and sensing
devices. The properties of, and adjustments to, the machines need to be obtained from
diverse sources, ranging from the type of final products, cycle time of each machine, flow
rates, product temperature, type of bottles, etc. Sensing techniques can be used to improve
these attributes such as flow, temperature, piece counters and weight sensors, etc. The
sensors used for the monitoring and data acquisition for the production floor are: (i) Hall
Effect RPM sensors (Revolutions Per Minute), in order to calculate the rate of change in the
transportation of products between the production equipment, (ii) ultra-sonic sensors for
controlling the filling process, counting the number of bottles/cans transported through
the conveyors, and ensuring that no cracks are present (applicable only in glass bottle
processing lines). Regarding those lines processing cartons and cans, piezoelectric load
cells are used in order to weigh the final product. Finally, since PI involves the processing
of foods, the preparation of the intermediate products involves thermal processing. Conse-
quently, infrared sensors are chosen in order to monitor the temperature of the intermediate
product and to avoid any contact with the sensing device. For secondary systems, such
as water boilers, additional sensors are required for monitoring the flow of resources (i.e.,
liquid fuel, cold water), as well as for monitoring the quality and quantity of the steam
produced. Regarding the flow of the liquid resources, ultrasonic flow sensors are used. At
this point it has to be stressed that steam is used in the food processing stages, and thus is
required to comply with strict regulations. Concretely, there are certain aspects of steam
which need to be controlled, such as moisture content, temperature (for the determination
of the superheat of the steam), pressure (determination of the steam saturation), and flow
rate. Therefore, content conductivity sensors are used for the steam, thermocouples for the
superheat, pressure sensors for the steam’s saturation, and differential pressure flow meters
for measuring the steam flow. In order to ensure high reliability, security and support for
complex data types, the OPC UA (Open Platform Communications Unified Architecture)
Machine-to-Machine (M2M) communication protocol is implemented. In order to take
advantage of the increased capabilities of modern sensing and controller systems, a Wire-
less Sensor Network (WSN) following a star topology has been created. By doing so, the
creation of an Edge Computing layer is facilitated. In Edge Computing environments, OPC
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UA can be used to connect industrial devices such as sensors, controllers and machines to
applications running on edge servers or gateways. The edge servers or gateways can then
process the data locally, and only send relevant information to a central server or cloud
for further analysis (i.e., the proposed digital shadow). The Digital Shadow framework is
presented in Figure 4.
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4. Proposed Methodology Description

Following the discussion in the previous paragraphs, a Digital Shadow is designed
and implemented to further automate critical processes of the production activities taking
place in the PI, in particular (i) monitoring of the equipment and the intermediate processes,
(ii) control of the production equipment parameters, and (iii) simulation of the overall
process to facilitate the identification of possible bottlenecks. Consequently, in order to
facilitate the engineers interpretation of the effect of bottlenecks, a parallelization to the
corresponding control factors/equipment properties has been performed. The control
factors are organized into four main categories (i.e., Machine, Operator, Environment, and
Process Condition), and have been illustrated in the cause-effect diagram (also known as
the fishbone diagram) in Figure 5.
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Following the categorization of the control factors with the utilization of the cause-
causality diagram, ANOVA is employed in order to reveal the contribution percentage
of each control factor, and thus select the most critical factors. Environmental factors are
indeed important for the modelling of the system. However, in the current version of
the manuscript, efforts have been focused solely on the mechanical aspect of the system.
Concretely, one of the key research goals was to build a proof of concept for the physical
system. By extension, environmental factors, which can be considered as random and
uncontrollable variables, will be included in a future and more elaborate model of the
system. To include environmental factors in DOE and ANOVA, it would be necessary
to replicate the experiment under a plethora of environmental conditions, which can
be time-consuming, expensive and impractical [64]. Next, the proposed scenarios will
be introduced into the digital model to test the functionality and performance of the
production line. The generalized workflow is presented in Figure 6. The first steps refer
to the data collection from the current case study, system modeling, and the development
of a digital model. The second step, digital experimentation, refers to the verification and
validation of the digital model based on real data from the production line, in contrast
to a list of selected KPIs. After the verification and validation of the digital model, the
third step involves the selection of control factors from the fishbone diagram (conveyors’
velocity, machines’ productivity and the number of operators in the palletizing process).
The control factors are analyzed with the use of ANOVA to determine the contribution of
each parameter to the system performance. The fourth step refers to the selection of the
best scenarios for improving the design and performance of the production line.
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Mathematical Formulation of the Problem

According to Steinberg [64], robust design can be realized via a set of quality engi-
neering activities whose goal is the development of low-cost, yet high quality, products
and processes. in this direction, statistically planned experiments are used in order to
identify the most influential factors in final product quality. Most importantly, the above-
mentioned statistical methods are used in order to optimize the nominal levels of the most
influential factors. Robust engineering includes concept design, parameter design and
tolerance design [65]. Taguchi’s robust design method uses parameter design to place the
design in a position where random “noise” DOE does not cause failure, and to determine
the proper design parameters and their levels [66]. The basic idea of parameter design in
Taguchi’s robust design is to identify appropriate settings for control factors that make
the system’s performance robust in relation to changes in the noise factors [67]. Thus,
the control factors are assigned to an inner array in an orthogonal array, and the noise
factors are assigned to an outer array. Phadke in [68] also describes robust engineering
as a method for studying large numbers of decision variables with the bare minimum
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number of experiments required. In order to accomplish this, orthogonal arrays are utilized.
Furthermore, robust engineering is taken into consideration as an approximation for the im-
plementation/calculation of the DOE and ANOVA method and is presented and described
in Figure 7. Robust engineering/statistical DOE based on the Taguchi approach is also
used, in order to calculate the minimum number of experiments required for the validation
of the digital model. Following the model validation, ANOM (ANalysis Of Means) and
ANOVA methods are used for the recognition of the most affecting control factors. In the
left part of Figure 7, the flowchart for the DOE analysis is presented. Similarly, in the right
part of Figure 7 the corresponding pseudocode for the DOE algorithm is presented.
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The preliminary design of the problem and the planning consists of (i) problem
definition, (ii) identification of control factors based on a cause-causality diagram, (iii) level
identification, (iv) orthogonal array selection, and (v) data analysis. The data connection
between the digital model and the orthogonal array is performed in step 2. The third step
consists of (i) data analysis and (ii) the prediction of the optimum level for each control
factor. ANOVA analysis is used to identify the control factor that affects the system the
most (highest percentage). Subsequently, the key control factor with the highest percentage
affecting the efficiency of the system is selected.

The selection of the appropriate objective functions is very important for measuring
the robustness of a system and solving engineering problems in order to identify control
factors that reduce the variability in a product or process by minimizing the effects of
uncontrollable factors. In a Taguchi-designed experiment, noise factors are manipulated to
force variability and, from the results, to identify the optimal control factor settings that
make the process or product robust or resistant to variation from the noise factors. Higher
values of the signal-to-noise ratio (SNR) identify control factor settings that minimize the
effects of the noise factors; types of SNR are presented in Table 5.
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Table 5. Types of Signal-to-noise Ratio.

Signal-to-Noise
Ratio
(SNR)

Goal of the Experiment Data Characteristics Signal-to-Noise Ratio Formulas

Larger is Better Maximize the response Positive SNR = −10log10

(
1
k

k

∑
i=1

1
y2

i

)

Smaller is Better Minimize the response Non-negative with a target
value of zero

SNR = −10log10

(
s2

i

)
s: variation

Nominal is Best

Target the response and you
want to base the
signal-to-noise ratio on
standard deviations only

Positive, zero, or negative SNR = −10log10

(
1
k

k

∑
i=1

1
y2

i

)

Nominal is Best
(default)

Target the response and you
want to base the
signal-to-noise ratio on means
and standard deviations

Non-negative with an
“absolute zero” in which the
standard deviation is zero
when the mean is zero

SNR = 10log10

(
y2

i
s2

)
y2 : Average o f Data
s: variation

The ultimate goal in the current case study is to increase the overall throughput of the
system. Therefore, and according to [47,68,69], the “Larger is better” SNR is selected, as
indicated in Equation (1):

SNR = −10log10

(
1
k

k

∑
i=1

1
y2

i

)
(1)

where SNR is the signal-to-noise ratio, k is the number of trials and yi is the response in
each experiment. Next, ANOM is used to find the variation caused by each factor in the
overall mean and is plotted on appropriate graphs. The overall mean is indicated and
the average of each factor for each level is also plotted [69]. Equation (2) is used for the
calculation of means.

SNR f p =
1
p

p

∑
i=1

SNR (2)

where f is the key factor and p is the number of levels. The contribution of each factor is
calculated with the use of Equations (3)–(6) [69].

SS =
fp

∑
i=1

(SNRi −m)2 (3)

where SS is the sum of the squares of each factor, fp is the number of experiments in the
orthogonal matrix and m is the overall mean of SN ratio

SSA = 3
(
SNRA1 −m

)2
+ 3(SNRA2 −m)2 (4)

where SSA is the sum of squares of factor A

MS f actor =
SSA

Degrees o f Freedom
(5)

where MS f actor is the mean square for each factor.

CP =
SSA
SS
× 100% (6)
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where CP presents the contribution percentage of each factor in the system performance.
The parameters used in Equations (1)–(6) are summarized below:

• f → number of factors
• p→ number of levels per factor
• k→ number of trials
• yi →model response for experiment iteration i

The number of control factors and the number of levels to be used affect the total
number of experiments. The number (i.e., k) corresponds to the number of trials, and yi
refers to the response in each experiment and is used to calculate the signal-to-noise ratio
(SNR). Therefore, the critical parameters are the control factor and the number of levels.
Next, the yi is calculated in order to proceed with Equations (1)–(6). As for these parameters,
they are not fully related to the proposed framework, except ‘yi’. The ‘yi’ parameter is
measured using an ultra-sonic sensor, and the framework element corresponding to ‘yi’ is
described during data acquisition. As regards the other parameters, ( f , p, k) are not inserted
into the Digital Shadow model, but they are required for DOE and ANOVA analysis.

5. Industrial Case Study Implementation

This methodology has been applied in a Process Industry to improve the performance
of the production line by increasing the product mix and the production rate of machines.
The targeted industry faces several challenges, including low digitization and digitalization
levels, low production rates compared to the theoretical value of its machines, low produc-
tion rates in the job shop, and no product mix. The methodology has been adapted to the
production and packaging job shop in collaboration with experts from the PI production
line. The key goals of this research are to improve the digitization and digitalization level
of the company, investigate the most influential control factors affecting the production
line performance, and improve the production rate of the machines and product mix.
Additionally, a Digital Shadow model has been designed and developed focusing on key
activities, such as monitoring, analysis, verification, validation, and identification of bot-
tlenecks in the production line. In Section 5.1, the manufacturing system is presented and
discussed, along with the corresponding flowchart for the description of the processes
involved. After the modeling of the manufacturing system as a flowchart, the specifica-
tions for the development of the digital model are laid out in Section 5.2. In Section 5.3,
the implementation of the Taguchi method in the existing manufacturing system will be
presented. The selection of control factors along with their levels will be discussed and the
selection of the appropriate orthogonal array will be carried out.

5.1. Manufacturing System Description

PI operates throughout the calendar year and consists of three main sections: (i) the
preparation of the raw material, (ii) the production of the different products, and (iii) the
packaging of the finished products. The PI can produce two codes, which are Product A
and Product B. The production line consists of two sections, the main production room,
and the packaging of the intermediate products.

The raw material comes from the warehouse in special packages, is pumped and
transported to a silo. The production job shop consists of the following equipment: (i) two
storage tanks to mix the product, (ii) two boiling tanks to boil the product, and (iii) one
homogenizer to homogenize the product. All tanks are placed in the production room along
with the homogenizer. Each of the tanks and the homogenizer has a capacity of one cubic
meter (1 m3). After the homogenizer, the production line is divided into two sub-lines. The
first production line receives Product A and the second production line receives Product B.
Then the packaging line follows, where the final product is pumped from the production
job shop and fed to filling machines. The filled bottles are conveyed to the filling/capping
machine and the chiller. In this step, Product B is not directed to the chiller (Figure 8). After
the chiller, the bottles are conveyed to the label dispenser, the packaging machine, and the
palletizer. In the packaging job shop, the machines, from the filling/capping process to
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the palletizing process, can reach at least three 300 bottles per minute, but the equipment
placed in the production job shop cannot process such large quantities of product. The
equipment in the production job shop can process at most 2000 kilos of product per hour
(2000 kg/h) and this amount of product for a bottle of 490 g corresponds to a production
rate of 68 bottles per minute. The working schedule of the company covers three shifts per
day and five days per week.
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5.2. Digital Model

After the description of the current manufacturing system, the flowchart of the digital
model is depicted in Figure 9, while the development is demonstrated in Figure 10. The
flowchart includes two production lines, presented in Figure 7 with different colors; in
particular, (i) the green line is the production line of Product A, and (ii) the blue line is the
production line of Product B. Both production lines are connected to the same production
department equipment (black line). In Figure 9, the most important information/details
for the development of the digital model is presented: (i) the time required to complete a
process, (ii) the number of storage tanks, (iii) the throughput of machines, (iv) the specifica-
tion of conveyors, (v) packaging/palletizing parameters and (vi) flow process for each type
of bottle. Moreover, the simulation tool used to model and simulate the production lines is
a commercial software called Witness [70]. The digital model is developed for a continuous
production rate and the maximum possible productivity of machines. In the case that
the productivity is measured in given pieces per time, these should be transformed in
the cycle time to be introduced into the digital model. Cycle time is the time required to
perform a process. The formulas for the calculation of machines’ cycle time are presented
in Equations (7) and (8) below:

Production line for Product A : Cycle Time =

1(can·min)
1(min)

68(bottles)
1(min)

= 1.47× 10−2(min) (7)

Production line for Product B : Cycle Time =

1(can·min)
1(min)

101(bottles)
1(min)

= 9.90× 10−3(min) (8)
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There are three quality controls that check the bottle sealing, product quality and
packaging quality. The abbreviations for each quality control are introduced below,
(i) bottle sealing (Quality_01), (ii) product quality (Quality_02), and (iii) packaging quality
(Quality_03).

Based on Figure 10, the mixing tanks are Tank001-2, the boiling tanks are Tank003-4,
the homogenizer is Tank005_HO and the storage tank of the filling machine is Tank006.
The abbreviation for filling machines is ‘FM’, cooler ‘C001’, chain conveyors ‘CC001-5’ and
belt conveyors ‘BC004-5’; label dispenser is ‘LD001-2’, packaging machines are ‘PACK-01’
and layer palletizers are ‘LP002-3’. Furthermore, the quality control of bottle sealing, final
product quality, and packaging quality. as a form of a pseudo-code for the acceptance or
rejection of a bottle, are presented in Figure 11.
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5.3. Design of Experiments Based on Taguchi Method

The implementation of the Taguchi method into the existing manufacturing system
will be presented; the control factors that will be selected in the DOE analysis are the
velocity of conveyors (Factor A), machines’ productivity (Factor B), and operators’ number
(Factor C) in the palletizing process. The levels for each factor are described in Table 6. The
implementation of DOE analysis was based only on Product A, because this is the most
preferred product, according to the production managers.

Table 6. Levels for Each Factor.

Factor (f)
Levels (p)

1 2

A (m/min) 100 300
B (pcs/min) 68 272

C (-) 1 2

The total number of experiments is calculated from Equation (9).

total number of exp. = pf = 23 = 8 experiments (9)

The total number of experiments is eight but using Table 7, as mentioned in [68], the
final number of experiments is four.

Table 7. Orthogonal Array Selection, Adapted From [71].

Number of Factors (f)

2 3 4 5 6 7 8 9 10 11 12 13 . . . 31

Number
of Levels

(p)

2 L4 L4 L8 L8 L8 L12 L12 L12 L12 L12 L16 L12 . . . L32
3 L9 L9 L9 L18 L18 L18 L18 L27 L27 L27 L27 L27 . . .
4 L16 L16 L16 L16 L16 L32 L32 L32 L32 . . .
5 L25 L25 L25 L25 L25 L25 L50 L50 L50 L50 L50 . . .

The final experiments are presented in Table 8 using three factors and two levels for
each factor.

As shown in Table 8, the verification and validation of the digital model will be
performed with the implementation of four experiments, as opposed to eight experiments.

The statistical Design of Experiments and the corresponding plots for the analysis
of the results have been executed and produced using Matlab 2022b [72,73], which is
integrated with the required libraries for performing such operations. More specifically,
the steps followed are summarized below:
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• Definition of the experiment objectives, including the response variable and the poten-
tial influencing factors.

• Selection of the appropriate experimental design (e.g., Full Factorial, Fractional Facto-
rial, Response Surface) based on the number of factors, their levels, and the
available resources.

• Generation of the experimental design. This action generated a randomized plan of
the experiments to be performed.

• Execution of the experiments according to the plan and data collection regarding the
response variable and the factor levels.

• Data analysis using ANOVA.
• Data interpretation, in order to identify the most influential factors and the optimal

conditions for the production process.

Table 8. Orthogonal Array (OA) L4 (23).

Experiments Conveyors Velocity
(A)

Machines’ Productivity
(B)

Operator Number
(C)

1 1 1 1
2 1 2 2
3 2 1 2
4 2 2 1

6. Results and Discussion
6.1. Analysis of Experimental Data Based on Taguchi Approach

KPIs are selected to evaluate the performance of a case study and find any bottlenecks
in the production line under investigation [74]. The selected KPIs for the validation of the
digital model are presented in Table 9.

Table 9. Key Performance Indicators’ Selection.

Key Performance Indicator Description

KPI_1 Production Rate (quantity) of products
KPI_2 Filling Machines’ Productivity

The results of the digital model are described in Table 10.

Table 10. Results of Digital Model—Before the Implementation of the Proposed Infrastructure.

Simulation Time = 480 (min)—Bottle Capacity = 490 (g)

Product

KPI_1: Quantity
(ton/h)

KPI_2: Productivity
(Bottles/h)

Theoretical
Value

Experimental
Value

Theoretical
Value

Experimental
Value

Product A 2 2 300 68

Table 10 verifies that the bottleneck is placed in the production section (mixing–boiling–
homogenization process).

After conducting the experiments based on the proposed values of Table 8, the mean
value of response ‘yi’ for each experiment is presented in Table 11.

Using the digital model developed in the previous section, the mean response value
for each experiment is presented in Table 11. Based on Equation (2) and the responses in
Table 11, the calculation of the SNR is described in Table 12.
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Table 11. L4 Orthogonal Array with Experimental Results.

Experiments
Conveyors

Velocity (A)
Machines’

Productivity (B)
Operator Number

(C)
1
k

k

∑
k=1

1
yi

, k=2

1 100 68 1 32,624
2 100 272 2 47,719
3 300 68 2 32,640
4 300 272 1 130,442

Table 12. Resulting L4 Array for the Use Case.

Experiments Conveyors
Velocity (A)

Machines’
Productivity (B)

Operator Number
(C) SN Ratio

1 100 68 1 90
2 100 300 2 94
3 300 68 2 90
4 300 300 1 102

After the calculation of the objective function SNR, the average SNR for each level of a
specific factor is calculated, as depicted in Table 12. Moreover, at the end of Table 13, in the
raw “Rank”, the importance of each factor can be recognized. This rank refers to the higher
and the lower SNR resulting from each factor.

Table 13. Average SNR for Each Factor Level.

Larger Is Better Conveyors Velocity
(A)

Machines’ Productivity
(B)

Operator Number
(C)

1 91.924 90.270 96.290
2 96.290 97.940 91.922

Rank 2 1 3

Table 13 presents the factor with the highest contribution to the performance of the
production line, i.e., the “Machines’ Productivity”. The variation caused by each factor to
the overall mean is presented in Figure 12.
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In Figure 12, the dashed line is the overall mean of the analysis, with a value of 94.10;
the deviation between each factor with the mean value is depicted. The last step is the
ANOVA analysis, via which the contribution of each factor of the system will be calculated.



Appl. Sci. 2023, 13, 5184 22 of 27

Prior to calculating the contribution level of each factor, the values should be predetermined
using Equations (3)–(6).

The factor that most affects the performance of the production line under investiga-
tion is the machine’s productivity, with a percentage of 48.20%, as described in Table 14.
Therefore, the what-if scenarios will be presented in the next subsections, focusing on the
production section, in order to increase the quantity of products produced, as well as the
production rate of the machines. Furthermore, the contribution percentages of each control
factor are depicted in Figure 13.

Table 14. ANOVA Table Excluding Error.

Source Degrees of Freedom SS MS Contribution Percentage

Conveyors Velocity (A) 1 1,711,435,530 1,711,435,530 25.90%
Machines’ Productivity (B) 1 3,186,433,152 3,186,433,152 48.20%

Operator Number (C) 1 1,710,111,962 1,710,111,962 25.88%
Error 0 0
Sum 3 6,607,980,645
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6.2. Proposed Solutions

The proposed solutions for improving the efficiency of the current manufacturing
system are based on the following parameters: (i) the production rate for the finished
products, (ii) the variety of products, and (iii) machine utilization, which are presented
below. However, as mentioned in the ANOVA analysis, the proposed what-if scenarios will
focus on increasing the quantity of the final product processed in the production job shop,
as well as increasing the production rate of the machines. The accepted solution should
also follow these parameters: (i) flexibility, (ii) cost, (iii) profit, and (iv) market demand. In
Figure 14, the production section layout is depicted.

Figure 14 presents the current, as well as the proposed, infrastructure of the production
section, consisting of the mixing and boiling tanks along with the homogenizer. The
proposed layout includes, in particular, the addition of six tanks, three for the mixing
process and the remaining three for the boiling process. Tanks have a capacity of 2 m3

each. The homogenizer is replaced by two homogenizers with a capacity of two cubic
meters 2 m3 per machine. The estimated cost for the proposed infrastructure amounts to
40,000 €. Moreover, the estimated throughput of the production section will reach 8 tons/h,
in which this amount is addressed by 272 bottles per minute (272 pcs/min). This section
refers to the presentation of the new flowchart according to the proposed layout and its
implementation, as well as the analysis of the results based on the validated digital model.
The updated flowchart for the new production line is shown in Figure 15.
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The production lines can operate in parallel with different products by adding mixing,
boiling tanks, and homogenizers as depicted in Figure 15. Hence, the production section of
the PI is much more flexible than before, with low investment cost compared to measured
profit, as presented below. Furthermore, the simulation results, after the implementation of
the proposed equipment to the digital model, are shown in Table 15.

According to Table 15, the bottle productivity and maximum quantity of Product A per
shift (480 min) are verified. An additional benefit provided by the productivity of eight tons
per hour is that the improved manufacturing system has a variable production rate for every
product produced. Moreover, based on Table 15, the company would achieve the following
profit (profit from one bottle of Product A is 0.20 €) from the additional production.

• Product A/Quantity 4 (ton/h): (8160 (pcs/h) − 4080 (pcs/h)) × 0.20 €) ' 820 (€/h) or
in a week: 98,400 (€/week);

• Product A/Quantity 6 (ton/h): (12,240 (pcs/h)− 4080 (pcs/h))× 0.20 (€)' 1600 (€/h)
or in a week: 192,000 (€/week);

• Product A/Quantity 8 (ton/h): (16,320 (pcs/h)− 4080 (pcs/h))× 0.20 (€)' 2400 (€/h)
or in a week: 288,000 (€/week).
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Table 15. Results of Digital Model—After the Implementation of Proposed Infrastructure.

Simulation Time = 480 (min)/Bottle Capacity = 490 (g)/Product A

A/A

KPI_1: Quantity
(ton/h)

KPI_2: Productivity
(Bottles/min)

Theoretical
Value

Experimental
Value

Theoretical
Value

Experimental
Value

1 2 2

300

68
2 4 4 136
3 6 6 204
4 8 8 272

7. Concluding Remarks and Outlook

The concept of Digital Shadow is a promising technology that provides the user with
valuable information regarding the operation of manufacturing systems, which can fur-
ther facilitate the reduction of costs related to production, operation and maintenance
operations. Moreover, with the integration of advanced simulation techniques, engineers
are provided with tools for reducing decision-making time. In this research, the imple-
mentation of a Digital Shadow framework in the production line of a food manufacturer
has been presented. The Digital Shadow model was used for monitoring the production
line, collecting and analyzing datafor the prediction of future system states and possible
malfunctions. With the proposed Digital Shadow model the design, operation, control,
and performance of the production line can be further improved by running experimental
scenarios. The implementation of the proposed Digital Shadow model lays the foundations
for the complete digitalization of the industry and facilitates its conformity to Industry 4.0
standards. Specifically, sensors were installed for data acquisition and the corresponding
communication protocols have been applied for efficient and continuous data transmission.
The validation of the digital model was carried out using a DOE approach, where control
factors and levels were selected to determine the required experiments. Four control factors
were selected along with two levels for each factor; the verification/validation of the digital
model was carried out in four instead of eight digital experiments. The ANOVA method
was then followed to find the factor that most affects the performance of the production
system; this was the machine’s productivity. Although this productivity can reach up to
300 pieces per minute, the machines operate at 68 pieces per minute. This is because a
bottleneck occurs in the production section, in particular in the mixing, boiling, and ho-
mogenizing process. The digital model was used to evaluate the proposed scenario, which
resulted in an increase in production capacity from two tons to eight tons per hour. The
estimated investment cost is approximately 40,000 €, while the profit from the production
of additional products is estimated at 288,000 € within one working week. Furthermore,
the proposed production line layout contributed to the increase in production rate and
product mix.

Future research work will focus on the finalization of the digitalization process for the
company. Concretely, the evolution of the Digital Shadow model to a Digital Twin model
will take place. In addition, the aim will be to improve the communication level between
the digital object and the physical object, so that bidirectional communication can take
place. Digital Twin architecture will be piloted in the filling machine and the model will
expand to the entirety of the production line.
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