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Abstract. The widespread adoption of digital technologies in factories
has resulted in the generation of a vast amount of data, which has the
potential to enhance efficiency and effectiveness in manufacturing indus-
try. However, collecting and analyzing these data require approaches and
tools to design and operate complex digital models and infrastructures,
also requiring transversal competencies. The Digital Twin approach can
be exploited to couple assets with their digital counterparts to support
analyses and decisions. In particular, a Digital Twin can be associated
with a product, a specific machine tool or process, a production system,
or an entire factory. This paper focuses on the application of Digital
Twins in factories, proposing a framework to identify data flows and rel-
evant digital tools for applications throughout the different phases of the
factory lifecycle. Despite the great potential, Digital Twin in manufac-
turing is still hindered by certain limitations. Therefore, by drawing upon
relevant literature, we define and highlight the key challenges that need
to be addressed. Finally, the framework and the challenges are exploited
to characterize three case studies, which demonstrate the application of
Digital Twins during the design and execution phases.
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1 Introduction

Digital twin (DT) is recognized as one of the most promising technologies for
realizing the paradigm of smart manufacturing and Industry 4.0 [1], which as-
sumes a fully digitized, complex system that affects all units and classes in a
factory [2]. The wide adoption of digital technologies in factories yields a large
amount of data, but the collection and analysis of these data ask for transversal
competencies (mathematics, informatics, engineering) together with approaches
and tools to design and operate a complex digital infrastructure. Thus, industrial
companies are integrating the ability to access, control, manipulate and thus ef-
fectively manage a large amount of data in their strategies [3]. The concept of
Digital Twin (DT) entails a digital representation of a physical product, entity
or system that comprises its selected properties, conditions, and behaviors using
models and data within a single or across multiple life cycle phases, with the
coupling between the physical and the digital world [4]. The twinning process
is enhanced by the continuous interaction, a constant stream of back-and-forth
information, and synchronization between the DT, the physical product and the
external environment [5]. The concept of DT was first introduced by Grieves [6,7]
as a concept for product lifecycle management and then exemplified by a case
study NASA [8,9]. DT is used in various application domains such as manufac-
turing, architecture and construction, agriculture, food, robotics, supply chain,
smart cities, and mineral resource acquisition, both in the design and operation
phase [10].

The importance of DT for manufacturing is demonstrated by the inclusion
of this topic in various industrial and scientific strategic roadmaps [11]. Indeed,
industry [12], academy [13] and governments have pushed towards the digital-
ization of enterprises, especially of the SMEs (Small and Medium Enterprises)
due to the large amount of them in Europe (approximately 25.1 million in EU
in 2018 [14]). While in the previous industrial revolutions the trend was fo-
cused on the physical resources, the 4th industrial revolution focuses primarily
on creating a digital representation of the physical processes to get better in-
sights on what is going on with the physical processes [15]. The ManuFuture
Vision 2030 points out that the increased amount of available data generated by
sensors, intelligent control and mechatronics, enables “detailed digital twins for
machines, production lines and complete factories” [16]. The initiative Digitis-
ing European Industry highlighted the need of Digital Industrial Platforms to
cope with the increased use of DT in various sectors, requiring very rich data
and semantic models, thus calling for standard development to describe further
properties of DT for industrial applications to improve interoperability [17]. In
particular, among the interoperability layers defined by the European Interop-
erability Framework (EIF) [18], the semantic interoperability (i.e., the ability
to preserve and understand the precise format and meaning of exchanged data
and information throughout exchanges between parties) plays a key role for DT
development.

Even large companies argue that the next investments will be in DT, but
they are still limited by issues. A recent report by Microsoft, Intel, and IoT
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Analytics, resulting from interviews with more than 500 executives, shows that
only one-third of companies implementing smart manufacturing have partially
or fully developed DT, and most of them lack a DT strategy as it is considered
time-consuming, expensive and lacking standards [19].

Recently, the EIT Manufacturing project LIVE4.0 [20] carried out a survey in
four European countries (Czech Republic, Germany, Italy, and Spain) covering
the topics of Industry 4.0 solutions and their implementation at SME level. A
total number of 67 answers were collected, providing valuable insights about how
companies perceive Industry 4.0. Around 75% of the companies are interested in
Industry 4.0 hands-on training, even under a payment, thus proving how SMEs
are aware of these opportunities. Regarding software tools the companies employ,
CAD solutions are still prevalent compared to simulation or CAM (Computer
Aided Manufacturing). Although quite common, the production of small batches
is still with rigid and traditional systems. Data processing is mainly based on file
storage, and only 5% of the companies established automatic process monitoring.

Given their vast capabilities, DT can serve different types of problems in pro-
duction, such as production and layout planning, process and feedback control,
predictive maintenance, efficiency improvement, and validation of the produc-
tion system [3]. For these reasons, DT technology has been applied in various
industries and domains, from healthcare to aerospace and most notably in man-
ufacturing. DT can play a key role in different industrial operations within the
product lifecycle, from the design to the manufacturing, to the (after-sales) ser-
vices [21]. In manufacturing, a DT can be linked to a product, a specific machine
tool or process, a production system, or a whole factory. Virtual models compos-
ing a DT can be employed to verify, validate, and evaluate the performance of
the physical counterpart along its lifecycle phases using integrated tools for op-
timization, simulation, monitoring, and control. Herein, the attention is focused
on the factory as a whole, seen as the logical aggregation of its main compo-
nents, i.e. products, processes, resources, and production systems. The IDEF0
diagram shown in Fig.1, based on the work by Urgo et al. [22], represents the
main activities in a factory lifecycle; such activities can also be applied to a single
production system composing the factory. This type of diagram helps highlight
how a DT must be able to cope with data flows and the heterogeneity of digital
tools in manufacturing applications. Based on the requirements to be met and
the set of selectable resources, the activity Design Factory (A1 in Fig.1) deals
with the design of a factory (or production system) in terms of hardware con-
figuration, process plans, specific fixtures, and inspection systems. The activity
Construct, Install, and Maintain Factory (A2 in Fig.1) implements the decisions
taken during the (re)design phase and continuously updates the state of the fac-
tory (or production system) based on possible failures and reconfigurations. The
activity Execute & Monitor Factory (A3 in Fig.1) receives as input the orders
and the actual factory (or production system) configuration to plan the manufac-
turing execution tasks that must be properly monitored, thus triggering possible
reconfigurations.



4 W. Terkaj et al.

Fig. 1. IDEF0 diagram representing the main activities in a factory lifecycle that can
be supported by DT technologies, based on [22]

This paper aims to provide an overview of the main challenges and foster
the development and adoption of DT-based analysis, elaboration, and decision-
support tools in academic and industrial contexts.

Sect.2 briefly addresses the state of the art in DT for manufacturing. Tak-
ing advantage also of the literature, Sect.3 defines a list of relevant challenges
for successfully exploiting DT technologies integrated in the factory digital in-
frastructure to model the characteristics and evolution of products, processes,
and production systems. Sect.4 presents manufacturing case studies showing the
implementation of DT integrating methodologies and tools for designing and
managing production processes and systems while exploiting also advanced vi-
sual DT interfaces for training and evaluations in a virtual environment. Finally,
Sect.5 draws the conclusions.

2 State of the art

The precursor to what will come to be known as digital twins was the mirror
environment which engineers at NASA developed during the disastrous Apollo
13 mission in an attempt, proven successful, to recreate a remote real system in
order to determine the correct approach to recreate an air purifier [23]. However,
it would take three to four decades of technological advances, characterized by
the development of communication technology, IoT, sensor technology and big
data analytics before the digital twin became central in industry [1].

It is difficult to find a universal definition of a digital twin since this varies
somewhat depending on its key aspects. A summary of the definitions across
literature can be found in the survey by Barricelli et al. [5]. However, it is pos-
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sible to give a universal description of what a digital twin must be able to do in
order to be considered as such, i.e. “A digital twin [. . . ] continuously predicts fu-
ture statuses (e.g., defects, damages, failures), and allows simulating and testing
novel configurations, in order to preventively apply maintenance operations” [5].
Tao et al. [1] specified that a complete DT should include five dimensions: phys-
ical part, virtual part, connection, data, and service. In addition, the authors
define the four main theoretical foundations of DTs: 1) DT modelling, simu-
lation, verification, validation, and accreditation, 2) data fusion, 3) interaction
and collaboration, and 4) service.

Considering the vast literature on Digital Twin in manufacturing, this section
presents a brief overview of the contributions based on the different integration
levels, i.e. the whole factory (Sect.2.1), production system (Sect.2.2), and pro-
duction process at the single machine (Sect.2.3).

2.1 Digital Twin of Factories

Stark and Damerau [4] proposed a framework for the classification of digital
twin applications in manufacturing according to eight criteria: 1) the depth of
the integration (e.g. single machine tool or whole factory), 2) the connectivity
mode, 3) the update frequency, 4) the degree of intelligence and how automatic
and autonomous it is, 5) the simulation capabilities, 6) the richness of the digital
model, 7) the way the digital twin interacts with humans, 8) the phase of the
lifecycle where it is adopted.

Data modelling and Internet of Things (IoT) play a key role in the uptake of
DT technologies. Indeed, several initiatives are addressing the standardization of
asset digital information models in the scope of Industry 4.0: IEC (TC 65 and its
working group WG16 on Digital Factory), ISO (TC 184), W3C Web of Things5,
ETSI Smart Appliances6, oneM2M7, DIN SPEC 91345 (Reference Architecture
Model Industrie 4.0 - RAMI4.0). Among these initiatives, RAMI4.0 [24] de-
scribes a reference architecture model in the form of a cubic layer model, which
provides an architecture for technical objects (assets) in the form of layers, and
allows them to be described, tracked over their entire lifetime and assigned to
technical or organizational hierarchies. It also describes the structure and func-
tion of Industry 4.0 components as essential parts of the virtual representation
of assets.

Focusing on the synchronization between physical and digital factories, Mod-
oni et al. [25] highlighted possible benefits and technical challenges. Some rele-
vant benefits are related to the production process management along the prod-
uct and factory lifecycle, the closed loop optimization between real and virtual,
the decentralization of production control, the enhancement of smart products,
and the support of teaching factory activities.

5 https://www.w3.org/WoT/
6 https://www.etsi.org/technologies/smart-appliances
7 https://www.onem2m.org/

https://www.w3.org/WoT/
https://www.etsi.org/technologies/smart-appliances
https://www.onem2m.org/
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Sharma et al. [26] recently presented a review addressing practical applica-
tions of DT, in particular, the gap between concept and implementation, the
relation with AI, and the impact of the specific domain.

2.2 Digital Twin of Production Systems

Negri et al. [27] proposed a comprehensive review on the application of digital
twin in manufacturing industries, summarizing the definitions of DT and possible
uses related to production systems (e.g. monitoring, maintenance, predicting
performance, virtual commissioning, optimization of design and management).

Uhlemann et al. [28] addressed the potential of real-time data acquisition and
simulation based on these data, particularly for learning factory applications.

Cimino et al. [29] reviewed digital twin applications in manufacturing, fo-
cusing mainly on manufacturing systems. They classified relevant contributions
based on various criteria, namely application purposes, system features, DT im-
plementation features, and DT services defined according to Tao et al. [30]. In
addition, the authors provide guidelines for developing a DT, taking as a refer-
ence the production line installed in a university lab.

Terkaj et al. [31] developed a prototype digital platform to support the early
design of roll shop systems by integrating graphical user interfaces, discrete event
simulation, and virtual reality tools by exploiting an underlying ontology data
model.

Park et al. [32] analyzed the challenges in DT development for cyber-physical
production systems. In particular, the authors identified open problems to be ad-
dressed, such as 1) the discrepancy between a digital model and the real system,
2) interaction with Big Data, 3) integration of heterogeneous models, 4) respon-
siveness in the case of time-critical systems, and 5) security. The typical use case
scenarios of DT found in the literature include root-cause failure analysis and
predictive maintenance, high-fidelity simulation, closed-loop real-time control,
and 3D visualization.

Since production systems are continuously evolving, the generation and up-
date of DT can be time and cost-consuming. Thus, reiterating the centrality of
data and models in DT, Lugaresi and Matta [33] proposed a method to automat-
ically discover manufacturing systems and generate digital twins by elaborating
more or less structured data such as data logs.

2.3 Digital Twin of Production Processes

The Digital Twin of production processes must be capable of designing and sim-
ulating the entire process from a stock part to a finished one, acquiring data from
the manufacturing process and taking into consideration the inspection stages
of the resulting product and having in mind that optimal design of machining
setup, cutting tools and process parameters is of paramount importance [34].

Adeniji and Schoop [35] defined a digital process twin (DPT) as an accurate,
fast, and efficient virtual process representation that considers the impact of a
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unit manufacturing process on the physical characteristics of a workpiece, fusing
physically informed models and measured data to optimize a given process. This
approach is intended to symbiotically augment the popular DT concept, which
acts on a higher “systems” level to integrate the entire product life cycle digitally.

Botkina et al. [36] proposed a methodology for the construction of a digital
twin of a cutting tool. The digital twin is based on the ISO 13399 cutting tool
data representation and exchange to make it compatible with software servic-
ing cutting tools. In order to enable data exchange between different machines
with different protocols, a purpose-made information system architecture was
developed.

Digital twins can also be applied for the preliminary study of machine re-
conditioning to design and validate a machine reconditioning without the need
to have the availability of the physical machine, drastically reducing the down-
time [37].

Liu et al. [38] presented a modelling approach for the design and execution
of machining processes by exploiting DT technology. The method was tested in
a case study on producing marine diesel engine parts.

Tao et al. [30] proposed an integrated approach exploiting the DT for product
design (including conceptual design, detailed design, and virtual verification),
product manufacturing, and product service.

Bao et al. [39] defined process digital twins as three-dimensional models that
support the manufacturing process, including manufacturing procedure model,
process attribute information and asset digital twins.

Modoni et al. [40] presented a methodology to optimize micro manufacturing
processes, specifically micro injection moulding, taking advantage of digital twin
technology. The authors tested the approach on a real case study.

3 Challenges

Despite the extensive literature and vast amount of applications and software
tools, the full exploitation of DT in manufacturing is still hindered by technical
and organizational limitations that must be addressed by research and inno-
vation initiatives. Taking advantage of the literature (Sect.2), this section lists
some of the most relevant challenges that are grouped again according to the
integration level, i.e. the whole factory (Sect.3.1), production system (Sect.3.2),
and production process at the single machine (Sect.3.3).

3.1 Challenges for Factory DT

Several challenges should be considered for the definition and implementation of
a holistic model and architecture able to effectively lead to wider and at-scale
adoption of the DT concept in factories. General challenges to developing and
implementing the DT in factories are mainly technical and can be defined as
follows:
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CF1 Ensuring the connection, synchronization and consistency between the
DT and the real factory, including data accuracy and reliability of both
realms, while coping with possible discrepancies and exploiting high-
speed transmission [3,25,26,32,41].

CF2 Enabling the efficient harvesting and management of the real-time data,
together with the persistence and accumulation of the historical data [25],
often in the form of Big Data [32].

CF3 Integrating advanced methodologies that can benefit from the DT poten-
tial, with the support for Advanced Simulation and Forecasting Tools [25].

CF4 Generation, synchronization, and integration of DT models, thanks to the
development and acceptance of communication protocols, a consolidated
vocabulary and a universal language to be generally adopted for stan-
dardization in modelling [3,21,30,38,41,42]. In addition, DT models may
have different levels of fidelity [43,44].

CF5 Enhancing the interoperability between the various parties, and thus the
harmonized integration of different software systems used in production
lifecycle [25,26,32,41,45].

CF6 Granularity of the synchronization process. High-Performance Computing
and multiscale models can be breakthrough technologies for representing
evolving products, processes, and systems [25,26,45].

CF7 Security issues and company concerns regarding data and cybersecurity,
including IoT security, cross-industrial partner security, and leak of real-
time monitoring data [3,26,32,46,45]

CF8 Complying with the regulations at the personal, enterprise, local, na-
tional, and international level [30].

CF9 Tackling the resistance to change and cost limitations from manufacturing
companies, especially small and medium enterprises [30].

CF10 Lack of structured training programs at the university level to prepare
engineers with hands-on experience in DT development and use [47,45].

3.2 Challenges for Production System DT

The challenges for production systems are related to the difficult exploitation
of DT in existing manufacturing systems equipped with traditional machinery
that is hierarchically based on the automation pyramid, i.e. long-term planning
with ERP and operation execution controlled by the MES:

CS1 Connection of the DT environment to the control system of the physical
equipment [29] (cf. CF1 ).

CS2 Use of DT for decision-making in production systems, possibly with au-
tonomy and real-time supervision, integrating an independent and self-
governing control decision-making functionality [48].

CS3 Only a limited set of services are offered in one single DT application,
also because some services need a 3D graphic interface and others only
data analysis without any visualization [29] (cf. CF5 ).

CS4 Study of strategies for distributing intelligence and data of the DT close
to the various production resources [25].
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3.3 Challenges for Production Process DT

Most of the challenges for production processes DT can be defined as a special-
ization of the general challenges for factories (Sect.3.1):

CP1 Efficient and robust machining process models are hindered by a lack
of realistic model input and a poor understanding of underlying process
physics [35,38]. Ultra-high synchronization, fidelity, and responsiveness
between the virtual and physical space [30] are needed to cope with time-
critical contexts [32] (cf. CF1 ).

CP2 Despite the large amount of information generated by the machining pro-
cess, the machining information is not fully exploited and used in real-
time. Operational data are incomplete or missing due to lack of acquisi-
tion systems [38,42] (cf. CF2 ).

CP3 Multi-domain and multidisciplinary integration of knowledge stemming
from process design, process information management, process execution
and process inspection [38] (cf. CF4 ).

CP4 Connectivity and interoperability problems due to the multi-sourced het-
erogeneous data [38,42] (cf. CF5 ).

CP5 High-performance computing and multi-physics/multiscale interdisciplinary
need to be addressed and improved to realize real-time smart analysis and
prediction [30] (cf. CF6 ).

CP6 Limited understanding of a DT from shop-floor workers, therefore up-
skilling and learning programs are needed to enable the DT exploitation
at the shop-floor level [42,20] (cf. CF9 ).

CP7 Decision-making activities at the process level still rely on manual op-
erations and human interactions. The research challenge is to develop
cognitive digital twins able to interoperate with other digital twins and
humans in a seamless way [21,42,49].

4 Case studies

This section presents industrial and lab case studies demonstrating the potential
of DT in manufacturing applications. These cases help show the relevance of en-
abling technologies and provide guidelines for exploiting DT, paying attention to
required competencies and data sources while referring to the challenges defined
in Sect.3.

The case studies tackle manufacturing workflows that can be framed in the
factory lifecycle shown in Fig.1. Herein, the attention is focused on the Design
Factory (A1 in Fig.1) and Execute and Monitor Factory (A3 in Fig.1) activities
that are further decomposed in Fig.2 and Fig.3, respectively.

These diagrams provide a common framework for the case studies. Specifi-
cally, Sectt.4.1 and 4.2 present case studies about process design, execution, and
monitoring, whereas Sect.4.3 deals with a case of manufacturing system design.
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Fig. 2. IDEF0 diagram representing the decomposition of the Design Factory activity.

4.1 Extrusion Male Case Study

The objective of this case study was to virtualise, simulate, and evaluate the
outcome from a digital twin of a milling cycle to detect possible defects on the
final part before or after the execution of a trial workpiece (cf. CP3 , CP6 , CP7 )
(A34 in Fig.3). In this situation, where a correct part program must be prepared
for manufacturing the part by 5-axis milling, a CAM software tool should be used
for designing the manufacturing cycle by selecting the right tools, strategies and
parameters (A11 in Fig.2), but also a simulation software (e.g. CGTech Vericut)
helps test the obtained and post-processed G-code against collisions, cutting
forces and product final quality (A33 in Fig.3). It is important in this phase that
the simulated final part geometry is compared with the nominal one to detect
CAM programming errors and solve them by going back to process planning
(A11 in Fig.2). When an actual trial is executed on the machine, as it happened
in this case study, the real part must be compared with its digital counterpart
(A35 in Fig.3). If a defect is present in both the physical and digital workpiece,
then the defect is not due to malfunctions during its execution on the machine
tool, but it was generated during the manufacturing cycle design with CAM;
thus the process plan must be updated. Otherwise, the defect is generated at
the machine execution level, and it may be caused by excessive tool runout,
tool deflection or wrong process parameters for the machine or tool performance
(cf. CP1 ,CP2 ). In this case, a more extensive reconfiguration may be needed
(A11, A12, or A13 in Fig.2).

The use case workpiece is an extrusion male for plastic materials developed
at MI crolab of Politecnico di Milano [50]. The extrusion male aims to force the
material flowing around it and within the die to assume a specific cross-section
in the final product, i.e., a catheter in this case. A 3D digital twin of the 5-axis
Kern EVO machine, used to process the workpiece, is shown in Fig.4.
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Fig. 3. IDEF0 diagram representing the decomposition of the Execute & Monitor Fac-
tory activity

Fig. 4. Indexing head used by the Kern EVO together with the workpiece (in yellow)
in a screenshot of Vericut
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The overall machining process consists of 25 part programs. Various pic-
tures were taken at different stages of execution (A34 in Fig.3) to enable the
comparison of the results from the DT with those obtained during the actual
manufacturing. Fig.5 shows such comparison after the execution of part program
number 2.1, which concerns the first roughing of the sides of the extrusion male
to produce chamfers that will increase the robustness of the structure. It can
be seen that the two images have a very high level of matching. The terracing
effect produced by the side roughing matches the one simulated within Vericut,
as does the peripheral area to the machined one, which is sometimes cut as the
cutting tool disengages from the workpiece.

Fig. 5. Extrusion male at the end of the part program number 2.1.

All 25 part programs were eventually simulated with success, with no col-
lisions detected. The simulation detected a step on the final part that corre-
sponded precisely with the real part (compare left and right pictures in Fig.6),
demonstrating a clear case of an error from the milling strategy designed with
the CAM. Furthermore, Fig.6 shows the presence of material between the six
pins because the last six NC programs needed to remove such material between
them were executed by a hand-written G-code and not simulated, even if Vericut
could also do that.

This use case demonstrates how a process digital twin is helpful in detecting
defects prior to executing the manufacturing cycle on the machine tool. The
recommended use of this kind of DT is both before and after machining the first
part. Indeed, comparing the simulated part with the machined part enables the
detection of the specific type of error applied. However, manufacturing one test
part is not always possible, for example, when parts are complex and expen-
sive. In this case, the process DT must be even more accurate and capable of
exchanging information with the real twin during the manufacturing cycle exe-
cution, thus posing issues of data management (cf. CP3 ), connectivity (cf. CP4 ),
real-time simulation and interactions (cf. CP5 ) between twins. Only in this way
could issues be solved online while they are taking place.

4.2 Smart Sawing Machine Case Study

The second case study aimed at making smarter an existing sawing machine
(i.e. activities A11, A12 in Fig.2 are already completed) by reconfiguring this
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Fig. 6. Vericut-simulated final part (left); CAD model (center); SEM image of the real
part (right). Boxes highlight the presence of a step where the geometry should have
been smooth according to the CAD model.

production resource (A13 in Fig.2) with a system that is set up (A14 in Fig.2)
to continuously monitor the cutting process through the collection and analysis
of data coming from the servo-drives together with the data collected by a set
of sensors installed on the machine head (cf. CP2 ). The goal was to monitor the
evolution of tool wear and avoid critical conditions when sawing tubes or profiles
(A34 in Fig.3) by integrating data related to process design and process execu-
tion (cf. CP3 ). In these applications, the loading conditions and chip formation
vary enormously, and the cutting parameters should be carefully designed.

Fig. 7. Development of the smart sawing machine: a) overview of the cutting area; b)
graphical interface of the real-time simulator and monitoring system

The digital twin was implemented in the panel PC of the sawing machine
(Fig.7.a) and consisted of a real-time processor and an additional graphical in-
terface for the user (Fig.7.b). As shown in Fig. 8, the real-time processor con-
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tinuously receives the feed axis position from the PLC. Given the geometrical
configuration of the operation (A11 in Fig.2), the process simulator can estimate
the cutter engagement and calculate the expected feed force and torque (A33 in
Fig.3). The advanced monitoring module then used these data to verify whether
sensor data and other quantities were consistent with the real-time simulation
(A34 in Fig.3). In case of significant differences between simulated data and
signals, an alert was set for the operator and the PLC that was programmed to
automatically stop the operation accordingly (cf. CP1 ).

Fig. 8. Smart sawing machine data processing infrastructure

Sawing machines are expected to produce high volumes of product with-
out requiring the presence of a human operator. Therefore, it is important to
have machines able to detect process deviations and automatically stop when
needed (cf. CP7 ). With the digital twin, the accuracy in the detection of critical
conditions was greatly improved from conventional approaches based on basic
thresholds. Moreover, a limited set of machine and tool status indicators were
identified and collected, thus enabling future improvements aiming at servitiza-
tion.

4.3 Celada Case Study

The benefits of Industry 4.0 technologies are often applied to manufacturing ex-
ecution (e.g. shop-floor data collection, monitoring, maintenance) but can also
be exploited for production system design activities. The benefits can be rel-
evant for all stakeholders, including machine tool builders, system integrators,
and end users. A typical problem shared by several industrial domains is the
concurrent generation of technical and commercial bids after receiving multiple
requests for quotation from various potential customers [51]. The preliminary
design of turnkey production systems is particularly critical because these cus-
tomized projects involve a large number of stakeholders in a short period while
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substantially impacting competitiveness and profitability (suitable commercial
offer). The high customization levels required by different customers limit fru-
gal innovation and jeopardize standardization for any original equipment man-
ufacturer. Production system design activities are more and more supported by
methodologies and digital tools that would benefit from a DT integrated ap-
proach (cf. CF5 , CS3 , CP7 ) to improve the effectiveness and efficiency of the
bid generation phase. In particular, DT can improve success factors [31] such as:
1) speeding up the design phase thanks to semi-automatic workflows, 2) offer-
ing the potential customer a set of alternative solutions, 3) performing accurate
analysis and simulations to demonstrate the validity of the proposed technical
solution and costs, 4) enhancing the design solution with 3D visualization to
communicate better and increase the engagement of the customer.

Herein, we present the case of Celada S.p.A designing turnkey robotic pro-
duction cells. Currently, the early design for this type of system is strongly
dependent on the involved actors and highly resource-consuming since all the
activities in Fig.2 must be carried out, including process planning, resource con-
figuration (e.g. machine tools, cutting tools, cutting parameters), integration and
interconnections between machines and control systems. Developing a compre-
hensive DT-based design workflow would be a breakthrough solution to manage
the evolution of linked models assets, manufacturing operations and parts while
exploiting and formalizing the operators’ knowledge (cf. CF4 ). Issues related to
this use case are also addressed by the project DIGIMAN4.0 [52].

Fig.9 shows an example of a robotic production cell visualized in a VR envi-
ronment. The digital model of the cell was developed using digital tools presented
in [47] and is available online8.

Fig. 9. Virtual reality representation of the production cell (Courtesy of Celada S.p.A.)

8 https://difactory.github.io/DF/scenes/DFProductionCell/glb.html

https://difactory.github.io/DF/scenes/DFProductionCell/glb.html
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This specific cell produces cylindrical mechanical components and consists of
two CNC lathes executing two different sets of machining operations. A 6-axis
industrial robot deals with the handling of the work-in-progress parts thanks
to an end-effector with three grippers. In addition, the cell includes a cleaning
machine that removes dust and metal chips after the turning operations, a poka-
yoke jig to check the size of the parts, and a measurement table to perform quality
control on the finished part.

The development of an integrated digital model of the robotic production cell
also supports virtual commissioning by integrating data from multiple sources
and tools: CAD 3D, discrete event simulation, and process simulation (robot sim-
ulation) (cf. CF3 ). After installation, the digital model can be further exploited
to create a good DT that supports the manufacturing execution (cf. CS1 ) and
decision-making (cf. CS2 ).

5 Conclusions and perspectives

The scientific literature and industrial case studies show that state-of-the-art
technologies still provide only partial solutions for DT in manufacturing be-
cause of the lack of agreement among actors and tools dedicated to dealing with
data related to products, processes, and factories. Even integrated and sophisti-
cated PLM suites can hardly meet the requirements of capturing, representing
and sharing a wide range of data along the product/factory life cycle, thus not
supporting effective knowledge reuse. Moreover, large PLM suites are not ade-
quate for the needs of Small and Medium Enterprises (SMEs) because they are
characterized by high complexity and lack of customization, together with high
purchase, management, and training costs.

Research and innovation are necessary to develop innovative solutions (e.g.
open, neutral, and scalable digital platforms for data exchange) beyond the state
of the art to support the development and management of factory DT while
guaranteeing democratization of the analysis and simulation approaches. New
solutions for DT will need to be interoperable and non-disruptive for the existing
situation. The upgrade of legacy technologies should be favored so that change
management can be properly addressed in a customized way. Small and medium-
sized ICT companies can provide complementary solutions for big commercial
players in digital factories, mainly to support industrial SMEs. The development
of lab-scale or industrial-scale pilot plants can help to assess and appreciate the
potential of new digital approaches, thus also representing an opportunity for
economic growth.

Moreover, the usability and sharing of DT models can be enhanced by in-
troducing service-oriented architectures (SOA), i.e. solutions that are typically
web-based and provide applications as services/functions within a platform with
remote access.

Finally, standardization is paramount and requires the collaboration of sev-
eral stakeholders, i.e. small-medium-large companies, technical committees, uni-
versities, research institutes, and ministries. Coordination is needed to reach
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solutions based on consensus, not partial (commercial) interests. Beyond stan-
dardization, guidelines and best practices are also needed to support data inter-
operability.
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