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A B S T R A C T

Digital Twin (DT) technology is profoundly changing the manufacturing landscape and supply chain manage
ment with its ability to create real-time digital replicas of physical processes, allowing for enhanced monitoring 
and optimized decision-making. However, the analysis of scientific literature reveals that further efforts are 
needed to spread the use of Industry 4.0 technologies, in the specific context of Internal Supply Chains (ISCs). 
The main aim of this study is to design, develop test and validate a multi-plant Simulation-Based DT production 
planning platform for ISCs management. A modular architecture is adopted, and the focus is on a Simulation- 
Based Digital Twin module, which uses an object-oriented structure and enables what-if analyses, involving 
several scheduling rules and ISC configurations. The proposed solution ensures flexibility and scalability, two 
crucial features in a constantly evolving market environment. The platform is tested and validated through a case 
study, involving a corporate group in the Oil & Gas manufacturing sector, which needs to improve the ISC 
performance, under a Make-To-Order production strategy. The comparison with a baseline scenario, where the 
platform is not adopted, shows that the proposed approach can significantly reduce the average flow time, the 
average tardiness, the number of late orders. This study has important practical implications because enables 
proactive and smart decision-making, aimed at resource optimization and continuous improvement, through 
predictive analytics and scenario analysis.

1. Introduction

The Fourth Industrial Revolution has transformed traditional 
manufacturing practices through the integration of disruptive technol
ogies such as the Industrial Internet of Things (IIoT) (Pivoto et al., 2021), 
Blockchains (Lim et al., 2021), Digital Twins (DTs) (Semeraro et al., 
2021), Cloud Computing (Nguyen et al., 2021), Cyber-Physical Systems 
(CPS) (Lee et al., 2020), and advanced Data Analytics (Wang et al., 
2022). These technologies enable the creation of smart, interconnected 
ecosystems that facilitate real-time decision-making and enhance oper
ational efficiency (Oztemel and Gursev, 2020). The focus of this paper is 
on DTs, that are virtual replicas of physical systems, processes, or 
products that continuously collect real-time data from their physical 
counterparts via sensors (Tao et al., 2022). This data is then used for 
simulations and analytics to optimize performance, predict production 
needs, and identify potential issues (Lu et al., 2020). In the context of 
Supply Chain Management, DTs represent a dynamic tool for moni
toring, simulating, and optimizing supply chain processes, leading to 

improved coordination and efficiency (Kamble et al., 2022). More spe
cifically, when referring to activities that occur within the boundaries of 
a single organization, the scientific literature speaks of Internal Supply 
Chain (ISC) Management. Unlike traditional SC management, which 
involves coordination among various external entities, ISC management 
focuses on optimizing the flow of materials, information, and processes 
across different departments, divisions, or plants within the same com
pany or corporate group (Prakash, 2014; Turkulainen et al., 2017). 
Integrating DTs in ISC management can offer significant benefits, such 
as the ability to perform “what-if” analyses to test different production 
scenarios and strategies without necessarily disrupting actual operations 
(Ivanov and Dolgui, 2021; Le and Fan, 2023). For instance, they can 
simulate the impact of a machine breakdown on production schedules 
and propose optimal reallocations of resources to minimize downtime 
(Aivaliotis et al., 2019). Digital twins also enable real-time visibility and 
synchronization across multiple plants, enhancing decision-making and 
collaboration throughout the supply chain (Moshood et al., 2021). The 
adoption of DTs for ISC management is not without challenges. 
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Implementation costs, data integration issues, and the need for 
specialized skills can hinder their deployment (Kamble et al., 2022). 
These complexities highlight the need for developing flexible, scalable, 
and user-friendly digital twin-based platforms. Such platforms can 
enable seamless data flow and decision-making across different func
tional areas, supporting real-time optimization and adaptability in 
production planning and ISC management (Nakagawa et al., 2021; 
Longo et al., 2022; Cimino et al., 2023; Han and Trimi, 2022). For 
example, cloud-based platforms can leverage DTs and CPS to provide 
real-time insights into production processes and supply chain logistics, 
allowing companies to respond promptly to market dynamics and 
operational disruptions (Pisching et al., 2018; van Dinter et al., 2023). 
The primary objective of this paper is to propose a digital platform that 
leverages the DT concept to support production planning within a 
multi-plant environment of an ISC. The platform is designed to enable 
enhanced decision-making, flexibility, and improvement of production 
processes across different plants within the same corporate group. To 
demonstrate its effectiveness, the proposed platform is tested and vali
dated through a real-world case study involving a specific corporate 
group in the oil and gas sector.

The rest of this paper is structured as follows. Section 2 explores the 
current state of the art about simulation-based digital twins in the 
manufacturing context and relevant approaches for internal supply 
chain management. The identified research gaps are described, with the 
aim of making the innovative contribution of the paper as clear as 
possible. Section 3 describes the Multi Plant Digital Twin Production 
Planning Platform, while Section 4 is focused on its main module, which 
concerns the adoption of the simulation-based digital twin paradigm. 
Section 5 proposes a case study in the Oil & Gas sector, with the aim of 
testing and validating the conceptual proposal. Conclusions are reported 
in Section 6.

2. Literature review

2.1. Simulation-Based digital twins in production planning and supply 
chain management

The use of the concept of “twin” has spread significantly in recent 
years, with the advent of the Fourth Industrial Revolution (Tao et al., 
2022). However, it dates back at least to the 1960s, when the National 
Aeronautics and Space Administration (NASA) built two identical space 
vehicles, with the aim of using one of them to simulate and replicate the 
conditions of the other in flight, as part of the Apollo program. Nowa
days, this concept is extremely broad and applied to multiple domains 
(Zhuang et al., 2018; Mandolla et al., 2019; Catalano et al., 2022). In the 
manufacturing field, a DT can be seen as a virtual representation of 
processes, personnel, products, assets, which are updated in real time as 
the physical counterpart changes (Lu et al., 2020). More generally, Qi 
and Tao (2018) highlight the coexistence of 3 concepts in defining a DT: 
“virtualization of physical entities”, “materialization of virtual process”, 
“integration between virtual and reality”.

Within the manufacturing field, DT technology offers significant 
utility and efficiency across several key practices such as product design 
(Lo et al., 2021), production planning (Park et al., 2020), and even 
maintenance (Errandonea et al., 2020). The most relevant simulation- 
based digital twins, with specific reference to production planning, are 
briefly discussed below. Ma et al. (2020) have recently proposed a DT- 
driven production management system to dynamically simulate and 
optimize manufacturing processes, with good results especially in terms 
of reduction of defective rate of products. Park et al. (2020) proposed 
and applied to a micro smart factory, a digital twin-based cyber physical 
production system (CPPS), observing an improvement in the makespan. 
Negri et al. (2021) presented, with promising results, a simheuristics 
framework for robust scheduling in Flow Shop Scheduling Problems, 
leveraging real-time field data via DT and Equipment Prognostics and 
Health Management. To gain a broader understanding of the use of DT- 

oriented approaches for production planning, the reader is addressed to 
some recent and comprehensive literature reviews (Lim et al., 2020; Lu 
et al., 2020; Leng et al., 2021). Overall, it is possible to state that sci
entific interest in DT is growing enormously in recent years: by entering 
the keyword “Digital Twin” on Scopus (a well-recognized scientific 
database) in the field “Article title, Abstract, Keywords”, it is possible to 
see that almost 7,000 documents were published in 2023, compared to 
approximately 5,000 and 3,000 respectively in the years 2022 and 2021. 
This number was less than 100 in 2011, when the Fourth Industrial 
Revolution started. However, some barriers remain with respect to its 
definitive success and widespread diffusion, especially among com
panies. According to Liu et al. (2023), though the application field of the 
DT is very extensive, most of the documents concern only theoretical 
concepts, and there is still a certain research gap about the prediction of 
the working state of physical entities through DT-based virtual models. 
According to Liu et al. (2021), there are still data integration issues to be 
solved so that DT can improve manufacturing processes in an efficient, 
dynamic and intelligent way. Essentially, significant research efforts are 
still needed to make this paradigm fully mature. For completeness, it is 
necessary to discuss also the application of DT-based approaches for 
Supply chain management (SCM), which has always been one of the 
most debated disciplines in the scientific panorama, given the numerous 
challenges that decision-makers must face in this field such as produc
tion planning, inventory management, shipping management, demand 
forecasting. SCM is critical for businesses as it can ensure cost efficiency, 
customer satisfaction, risk mitigation, quality control, and strategic 
alignment. By streamlining processes, managing risks, and fostering 
collaboration, it enables companies to operate efficiently, adapt to 
changing market conditions, and meet customer demands effectively, 
ultimately driving long-term success and competitiveness (Rebelo et al., 
2022; Altekar, 2023). Within such a discipline, the new technologies of 
the Fourth Industrial Revolution are offering new opportunities, which if 
properly exploited, can bring countless benefits. Specifically, in the last 
few years, the concept of Supply Chain DT is emerging (Ivanov and 
Dolgui, 2021; Le and Fan, 2023; Singh et al., 2023), as through simu
lation it is possible to test different scenarios without risk, therefore 
determining the best work configuration from both a strategic and 
operational point of view. Basically, such a concept involves creating a 
virtual replica or representation of a physical supply chain network, 
using real-time data and advanced analytics. It integrates data from 
various sources such as sensors, IoT devices, Enterprise Resource Plan
ning (ERP) systems, and external data streams to simulate and visualize 
the entire supply chain process. This digital replica enables actors to 
monitor, analyze, and optimize the performance of the supply chain in a 
virtual environment. By providing insights into potential disruptions, 
bottlenecks, and opportunities for improvement, Digital Twins facilitate 
smart decision-making and enhance the resilience and efficiency of the 
supply chain itself (Nguyen et al., 2022; Kamble et al., 2022; Longo 
et al., 2023). Table 1 summarizes the main contributions in terms of the 
use of simulation-based DTs in the context of SCM.

As it can be noted, the application of DTs to supply chains is a 
completely new trend, which has developed especially after the advent 
of the COVID-19 pandemic, in order to improve the resilience of supply 
chains and efficiently face disruptions (Burgos and Ivanov, 2021; Iva
nov, 2022; Cimino et al., 2024). An important line of research concerns 
agri-food supply chains, considering that significant challenges must be 
faced in this sector, such as quality and safety of goods as well as shelf- 
life (Binsfeld and Gerlach, 2022; Maheshwari et al., 2023; Hu et al., 
2023; Guidani et al., 2024; Cimino et al., 2024). What is clear is that so 
far there are no approaches, which propose to use platforms based on 
simulation-based DTs to improve the management of ISCs, that is the 
main focus of the present paper.

2.2. Approaches for internal supply chain management

In the broad spectrum of SCM, there is an extremely relevant branch 
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of research which concerns the management of internal supply chains. 
An ISC focuses on the activities and processes that occur within the 
corporate group itself, from raw material acquisition to the delivery of 
the final product or service. An efficient ISC is crucial to reduce costs and 
deliver high-quality products or services to customers, and therefore 
remain competitive in an increasingly globalized world. The main sci
entific contributions that propose solutions to improve the management 
of ISCs, with a focus on the manufacturing sector, are listed and briefly 
discussed below. Starting from the importance of data and information 
availability, Schmidt et al. (2019) have recently proposed a data-driven 
framework to identify the factors that influence logistics Key Perfor
mance Indicators (KPIs) in an ISC of an injection molding tool manu
facturer. Ivanov and Jaff (2017) have recently presented a conceptual 
framework, with the aim of providing a set of strategies to reduce 
manufacturing lead time, in the context of ISCs. Chibba and Rundquist 
(2009), through case studies concerning Swedish multinational organi
zations, demonstrated the importance of an integrated information 
system to streamline the flow of materials of ISCs. A quite debated topic 
regards the integration of ISCs, which refers to the degree of collabo
ration and coordination between the different entities within the 
boundaries of the same corporation group. According to Turkulainen 
et al. (2017), goal alignment, knowledge sharing, and management of 
interdependencies, are among the main factors for a good ISC integra
tion, while standardization and centralization are considered as signif
icant integration mechanisms. This is the result of interviews with 
several managers of manufacturing firms.

Table 2 summarizes the most relevant approaches in the scientific 
literature for internal supply chain management, with a focus on the 
manufacturing sector.

As it can be noted from Table 2, the number of scientific works that 
focus on ISCs, with reference to the manufacturing sector, is still 
extremely limited. Most of the contributions are based on interviews 
with ISC actors, with the aim of collecting qualitative insights to un
derstand integration mechanisms, but also information and/or material 
flows (Chibba and Rundquist, 2009; Ivanov and Jaff, 2017; Turkulainen 
et al., 2017; Alansaari et al., 2019). To date, there is a clear lack of 
approaches able to exploit the potential of simulation-based digital 
twins to support ISC management.

3. Research gaps and our contribution

The analysis of the current state of the art regarding the use of DTs in 
manufacturing and supply chain management, with a focus on ISCs, 
reveals some important research gaps, which need to be addressed: 

• Although Industry 4.0 paradigms are significantly spreading 
(Oztemel and Gursev, 2020), little has been done to improve the 
management of ISCs. Most of the scientific works are currently based 

Table 1 
Relevant research on Simulation-Based DTs for Supply Chain Management.

Reference Main Goal Proposed Approach

Burgos and 
Ivanov 
(2021)

To assess the resilience of food 
retail supply chains during the 
COVID-19 pandemic and 
identify factors influencing 
their performance.

A digital supply chain twin, 
enabled by discrete-event 
simulation model, to analyze 
the effects of pandemic 
intensity, inventory dynamics, 
and customer behavior on 
supply chain operations.

Ivanov (2022) To predict and mitigate the 
impacts of blackouts on 
supply chains by analyzing 
their effects on SC 
performance, resilience, and 
viability.

Simulation analysis with a 
digital supply chain twin to 
assess blackout scenarios, and 
development strategies for 
mitigation and recovery based 
on the dynamics of power loss 
and disruption propagation.

Marmolejo- 
Saucedo 
(2022)

To enhance decision-making 
in supply chains by 
integrating large-scale 
optimization problems into a 
digital twin platform.

Utilize discrete event 
simulation and heuristic 
algorithms within a 
commercial supply chain 
management platform to solve 
Bin-Packing and Vehicle 
Routing problems in real time.

Binsfeld and 
Gerlach 
(2022)

To provide a method for 
quantifying the benefits of 
using digital supply chain 
twins (DSCTs) in logistics and 
supply chain management.

Extensive simulations of a food 
supply chain under various 
scenarios and development a 
new method to quantify DSCT 
benefits for inventory 
management and performance 
evaluation.

Perez et al. 
(2022)

To optimize supply chain 
processes by accurately 
modeling and managing task 
dynamics, lead times, and 
disruptions.

An integrated digital twin 
framework using queueing 
networks and real-time data 
for offline and online 
optimization of supply chain 
operations.

Badakhshan 
and Ball 
(2023)

To enhance supply chain 
performance during 
disruptions by optimizing 
inventory and cash 
replenishment policies.

A supply chain digital twin 
framework that integrates 
machine learning and 
simulation to identify optimal 
inventory and cash 
management strategies under 
disruption.

Hu et al. (2023) To improve food quality, 
safety, and operational 
efficiency in cold chain 
logistics warehouses by 
reducing product loss and 
optimizing temperature 
control.

A five-dimensional digital twin 
model integrating real-time 
data for visualization, 
monitoring, and intelligent 
decision-making to optimize 
warehouse operations.

Maheshwari 
et al. (2023)

To optimize procurement, 
production, and distribution 
strategies (PPDs) in a food 
processing company to 
enhance supply chain 
productivity and flexibility.

A digital twin model using 
mixed-integer linear 
programming (MILP) and 
agent-based simulation (ABS) 
improves makespan, lead time, 
and resource utilization 
through real-time data and 
decision-making.

Guidani et al. 
(2024)

To enhance sustainability in 
Agri-Food Supply Chains 
(AFSC) by increasing 
transparency and enabling 
informed decision-making 
across all operational levels.

An AFSC digital twin provides 
a holistic virtual model, acting 
as a control tower with multi- 
dimensional dashboards for 
monitoring and optimizing 
economic, logistic, 
environmental, safety, and 
nutritional indicators.

Corsini et al. 
(2024)

To optimize the 
replenishment strategy of a 
manufacturer by dynamically 
adjusting parameters to 
improve resilience against 
unpredictable supply 
disruptions.

A digital twin integrates data 
analytics, simulation, machine 
learning (ANN), and 
metaheuristic optimization 
(PSO) to self-adjust 
replenishment parameters 
based on real-time data.

Cimino et al. 
(2024)

Increasing sustainability and 
resilience of supply chains

A cyclic and holistic 
Methodology, based on 
Simulation, for exploiting the  

Table 1 (continued )

Reference Main Goal Proposed Approach

concept of Supply Chain 
Digital Twin

This paper Supporting production 
planning activities of multi- 
plants belonging to the same 
ISC, with reference to a 
specific corporate group

Digital platform, enabling 
Simulation-Based Digital Twin

The references contained in this table were collected through a search conducted 
on the scientific database Scopus in August 2024. The query consisted of the use 
of the keywords “Digital Twin” AND “Supply Chain” AND “Simulation” in the 
field “Article title, Abstract, Keywords”. 204 documents were identified in a first 
step. Subsequently, all papers with one or more of the following characteristics 
were excluded: non-English language, full-text not available, literature reviews, 
lack of supply chain view, lack of implementation of a Digital Twin, only 
theoretical documents.
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on qualitative questionnaires aimed at identifying performance in
dicators in the various stages of ISCs (Chibba and Rundquist, 2009; 
Ivanov and Jaff, 2017; Turkulainen et al., 2017). To date, there are 
no DT-oriented approaches to support ISCs. More specifically, while 
there are interesting approaches on using DTs to support production 
planning in manufacturing or improve the management of material 
flows in supply chains, there are no DT-oriented models to support 
the production activities of multiple plants in ISCs.

• Although DT is a topic of great interest, some barriers remain 
regarding its large-scale diffusion among companies. Data integra
tion & standardization is still an open issue (Liu et al., 2021).

• According to Liu et al. (2023), many DT-based research works are 
only theoretical then case studies are really needed to demonstrate 
practically the goodness of this technology.

Based on the research gaps highlighted, the innovative contribution 
of this paper can be summarized as follows:

Our innovative contribution can be summarized as follows: 

• A novel digital platform is designed and developed to support pro
duction planning across multiple plants within the same corporate 
group. It allows users to perform what-if scenario analyses and adjust 
manufacturing parameters for individual plants or the entire ISC, 
with an impact on key performance indicators assessed through a 
simulation-based DT.

• The platform offers a unified tool for consistent data integration and 
standardization across plants. Moreover, flexibility in simulating 
various production processes with standardized data and scalability 
in adapting to different ISC tiers, are ensured.

• A case study in the Oil&Gas sector is proposed, with the aim to test 
and validate the proposed Multi-Plant DT Production Planning 
Platform in a real-life environment.

4. Multi plant digital twin production planning platform

In this section, the authors introduce the developed multi-plant 
production planning platform designed to support the manufacturing 
activities among various plants belonging the same corporate group. For 
the purposes of this work, a corporate group is defined as a set of pro
duction plants within the same company. These plants are inter
connected, forming a supply chain that operates collectively to support 
the company’s manufacturing activities. Within this framework, the 
platform provides end-users with the capability to conduct what-if sce
nario analysis for efficient manufacturing production planning. 
Furthermore, end-users can select and modify manufacturing parame
ters either for a selected plant or the overall internal supply chain, 
prompting the platform to quantitatively assess the impact of these 
changes on designated manufacturing KPIs. This quantitative analysis is 
executed by the platform’s core module, a simulation-based digital twin, 
which replicates each plant’s manufacturing production, utilizing a set 
of standardized and structured input data.

To leverage the platform’s capabilities, specific technical pre
requisites must be satisfied: (1) plants must share a unified information 
system, ensuring consistent data integration and standardization; (2) 
plants actively contribute to various production stages of the same 
company’s end-products, thus establishing reciprocal flow of materials 
and orders (this collaborative interaction can significantly influence the 
production plans of each plant).

The platform is characterized by two key features: flexibility and 
scalability. Its flexibility is evident in its capacity to simulate any type of 
production process when provided with structured input data, regard
less of the specific context of individual production systems. This flexi
bility is achieved through a data-driven approach, where simulation 
models are generated based on structured input data. Essentially, the 
platform views any production system as a network of resources working 
together in a specific sequence to complete production orders. Here, a 
resource refers to any plant machinery, tool, or equipment needed for 
carrying out production operations. Each simulation model is developed 
as a set of resource objects, each performing a specific production 
operation, and arranged in a sequence reflecting the operations flow 
needed to manufacture a product specified in a customer order. There
fore, as long as the platform is provided with the key data characterizing 
the resources, the operations they need to perform, the sequence of these 
operations, and the customer orders detailing the products to be man
ufactured, it can simulate any production system independently of its 
specific context. The list of the necessary data required to enable this 
functionality is detailed in Table 3 (see section 4.1). Furthermore, the 
platform is inherently scalable, accommodating usage across different 
supply chain tiers as well as accurately reflecting the complexity of each 
plant, regardless of the number of resources, production operations, or 
customer orders it manages. This adaptability is enabled through object- 
oriented programming, which allows the platform to dynamically 
generate simulation models tailored to each plant’s specific character
istics. Fig. 1 illustrates an example of the code used within the module to 
create workstation objects corresponding to each available resource in 

Table 2 
Relevant research on ISC management with a focus on the manufacturing sector.

Reference Main goal Proposed Approach

Chibba and 
Rundquist 
(2009)

Mapping and describing 
information and physical 
material flows in ISCs

Interview-based and process- 
oriented mapping tool

Prakash (2014) Identifying the relationship 
between Quality of Service 
(QoS) and organizational 
performance in ISCs

A model, which links QoS 
with organisational 
performance through 
intermediate variables of 
satisfaction, loyalty and 
competitive advantage

Basnet (2013) Building a consensus among 
practitioners and researchers in 
defining and measuring the 
concept of ISC integration

Measurement tool for ISC 
integration

Ivanov and Jaff 
(2017)

Reducing manufacturing lead 
time

Conceptual framework, 
driven by survey 
questionnaire

Turkulainen 
et al. (2017)

Understanding how managers 
integrate ISC activities

Information Processing View 
based on qualitative 
interview data

Kailash et al. 
(2018)

Evaluation and optimization of 
Return on Investment (ROI)

Benchmarking framework 
for comparative analyses

Schmidt et al. 
(2019)

Identification of cause-effect 
relationships for improving 
logistics KPIs

Systematic framework for 
root cause analysis

Kailash et al. 
(2021)

Identification of 
interrelationships among 
performance measures of ISCs

Weighted interpretive 
structural modelling 
approach

Alansaari et al. 
(2019)

Identification of the impact of 
employee commitments and 
recruitment process on internal 
supply chains of manufacturing 
firms

Structural equation 
modelling for analyzing data 
collected from managers

Giera et al. 
(2023)

Ensuring quality and safety of 
goods

Qualitative risk management 
method, able to identify the 
risk factors with the greatest 
impact on quality and safety 
of goods

This paper Supporting production 
planning activities of multi- 
plants belonging to the same 
ISC, with reference to a specific 
corporate group

Digital platform, enabling 
Simulation-Based Digital 
Twin

The references contained in this table were collected through a search conducted 
on the scientific database Scopus in August 2024. The query consisted of the use 
of the keywords “Internal Supply Chain” AND “Manufacturing” in the field 
“Article title, Abstract, Keywords”. 1307 documents were identified in a first 
step. Subsequently, all papers with one or more of the following characteristics 
were excluded: non-English language, full-text not available, no proposed 
approach regarding the management of internal supply chains, no focus on the 
manufacturing sector.
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the plant. As shown, the resource creation process is driven by a for-next 
loop, which iterates through the available resources in the database until 
all workstation objects have been generated. This loop is not bound to a 
fixed number of resources; instead, it adapts based on the variable Re
sources.ydim, which can be updated as needed to reflect changes in the 

plant’s resource configuration. This approach ensures that the simula
tion models are always aligned with the current state of the plant. As a 
result, the simulation models can be generated for plants with either a 
high number of resources or just a few, demonstrating the platform’s 
scalability in accommodating varying levels of plant complexity. It is 
important to remark that the scalability can be achieved only if the input 
data follow the structure reported in Table 3 (see section 4.1).

4.1. Supply chain dynamics

The designed platform is developed to support the production 
planning activities across multiple plants belonging to the same corpo
rate group. In this section, the authors describe the intricate dynamics of 
a generalized supply chain, presenting all the possible relationships 
among plants that can leverage the capabilities of the platform. Fig. 2
provides a visual overview of the supply chain. This latter may be 
organized into n tiers, where each tier refers to the position of a plant 
within the hierarchy of the supply chain network and consists of a 
varying number of nodes. Nodes represent plants belonging to the same 
corporate group. Nodes at lower tiers can produce subcomponents, 
supplying them to nodes at higher tiers for the assembly of other 
products subcomponents and/or end customers products. The first tier 
primarily supplies to external customers, while lower tiers have the 
flexibility, in general, to serve both external customers (e.g., providing 
subcomponents as spare parts or for alternate purposes) and higher-tier 
nodes within the corporate group. Nodes at upper tiers can place orders 
for subcomponents to lower-tier plants within the company. Nodes at 
the same tier level can engage in mutual orders to enable lateral 
collaboration. End customers can place orders both for final products to 
the first-tier plants as well as for subcomponents directly to lower-tier 
plants, introducing a dynamic purchasing option.

In this complex context, the effectiveness of a production plan is 
contingent upon a multitude of factors. Among the others, the number of 
orders to be processed, the timeframe in which orders are received and 
need to be processed, the availability of subcomponents from other 
plants, and fluctuations in customer demands significantly impact 
manufacturing activities. These factors introduce a level of complexity 
that requires a technological solution capable of supporting production 
planning within these intricate dynamics. Such a tool must not only 
accommodate the diverse relationships among nodes and their produc
tion capacities but also possess the agility to adapt to changing pro
duction scenarios of each plant in real-time.

4.2. The platform overall architecture

Within this section, the authors present an overall overview of the 
platform’s architecture, defining the structures and interactions 
inherent to its primary components. Fig. 3 serves as a visual represen
tation, depicting the essence of the platform’s architectural design. The 
platform consists of three key components: the Data Set module (DS), 
the Simulation-Based Digital Twin module (SBDT), and the End-Users 
module (EU). The DS module is a crucial part of the platform. It holds 
a Microsoft access database filled with standardized data from 
manufacturing plants. Basically, all plants, operating under the same 
corporate informative system, regularly upload their manufacturing 
process data to an internal database hosted on a corporate group server. 
In this regard, two python modules, along with FIWARE, orchestrate the 
transfer of updated data from the internal corporate group database to 
the DS module database, which is a key component of the platform. The 
first python module, installed on the corporate group informative sys
tem, is responsible for extracting predefined set of data from the 
corporate group database, validating them, and sending them to 
FIWARE. If the data fails validation, this module triggers an alert email 
to the designated operator (to be assigned by the corporate group) for 
data correction, integrity and validation. If the data is valid, the module 
converts them into the NGSVi2 format, which is compatible with 

Table 3 
DS Input data.

Data 
Group

Data Element Description Data 
Type

Resources Resource ID* Unique identifier for a production 
resource (machine, tool, 
equipment)

String

Capacity* Maximum number of products 
that can be concurrently 
processed within the resource

Int

Workers* Numbers of operators actively 
working on that resource

Int

Energy Working Electric power consumption [kW] 
of the resource during its 
operational state

Double

Energy Waiting Electric power consumption [kW] 
of the resource when it is in a 
standby or inactive state, i.e., not 
actively performing any work

Double

Plant ID* Specific corporate group plant 
where the resource is situated

String

Mean Time To 
Repair (MTTR)

Average time [min] required to 
repair the resource in the event of 
a failure

Int

Mean Time 
Between Failure 
(MTBF)

Average duration [min] between 
two instances of failures for the 
resource

Int

Maintenance Date Most recent maintenance date for 
the resource

Date

Orders Order ID Unique identifier for the 
production order

String

Plant ID Specific corporate group plant 
where the order has been placed 
(identical to the data element 
Plant ID within the Resources data 
group)

String

Start Date Planned start date for that order 
production

Date

Due Date Expected end date for that order 
production

Date

Bill of 
process

Order ID Unique identifier for a production 
order (identical to the data 
element Order ID within the 
Orders data group)

String

WIP ID Code assigned to an individual 
semi-finished product, which may 
undergo multiple production 
operations

String

Next WIP ID Code assigned to the next semi- 
finished product to start once the 
current WIP ID is completed

String

WIP operation Code used to identify the position 
of a specific operation in the 
sequence of the process for 
fulfilling the order

String

Pre-processing time Time [min] required to set up a 
resource before the start of the 
operation

Int

Processing time Time [min] that a resource needs 
to complete a specific operation

Int

Resource ID Unique identifier for a production 
resource assigned to execute a 
specific operation (identical to the 
data element Name ID within the 
Resources data group)

String

Process description Description of the individual 
operation

String

Processed time Total time [min] already spent on 
an operation currently in progress

String

*Subset of information to be specified for a fully manual operation.
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Fig. 1. Object-oriented programming code for resources creation.

Fig. 2. Supply chain dynamics.
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FIWARE, and transmits it. FIWARE is an open-source framework for IoT 
platforms that facilitates data exchange across different applications 
(more information on FIWARE is available at https://www.fiware.org/). 
It enables data exchange through a publish/subscribe mechanism that 
utilizes Hypertext Transfer Protocol Secure (HTTPS) (Cimino et al., 
2023). In this setup, the first python module sends/publishes data 
directly to FIWARE, which serves as a centralized hub for data distri
bution. The second python module, specifically developed and installed 
on a platform’s server, requests subscribed/predefined data from 
FIWARE, converts them from the NGSVi2 format to a format readable by 
the DS database, and stores it within this latter. This data transfer 
mechanism is built upon data models that define the list of data to be 
published and subscribed as well as data formats and semantics used by 
the different applications (Cimino et al., 2023).

The data stored in the DS database serve as input for the SBDT 
module, which represents the key component of the platform. Devel
oped using Tecnomatix’s Plant Simulation software (further information 
on Plant Simulation software can be found at https://www.dex.siemens. 
com/plm/tecnomatix/plant-simulation), this module automatically 

generates simulation models of the manufacturing plants production 
processes and run simulations. The SBDT module gets the connection 
with the DS module database through its Open Database Connectivity 
(ODBC) object, which acts as a bridge between the SBDT module and the 
DS database. ODBC is a standard Application Programming Interface 
(API) that allows applications to access and interact with various data
base management systems (Elmasri and Navathe, 2016). The module 
uses Structured Query Language (SQL) to execute queries that request 
and retrieve the necessary input data from the DS database. Subse
quently, these data are, firstly, classified and stored in Plant Simulation 
tables (data mapping) and, secondly, this structured information is uti
lized for the automatic generation of simulation models (automatic 
model generation) and the execution of simulations (simulation execu
tion). The SBDT module is able to replicate any type of manufacturing 
process, if the input data adhere to a specific standardization. The 
intricate logics and operational functioning of the SBDT module repre
sent the core of this research work, and as such, Section 4 is entirely 
dedicated to its description. Once the SBDT module completes the 
development of simulation models, end-users can access the SBDT 

Fig. 3. Platform overall architecture.
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module through the EU module, which consists of diverse user-friendly 
interfaces including web, mobile, and wearable applications for virtual 
and mixed reality. By accessing the platform via these interfaces, end- 
users can select and vary several manufacturing parameters, thus 
setting up different manufacturing scenarios. Then, SBDT module runs 
simulations for each scenario in order to assess their performance based 
on predefined set of KPIs (the complete list of the available platform 
manufacturing parameters and KPIs are presented in Section 4). These 
assessments allow the end-user to select the most suitable 
manufacturing scenario. The interaction between the EU module and the 
SBDT module is facilitated through their respective back-end APIs, 
which are a set of tools and rules that allows different software appli
cations to communicate with each other. The back-end APIs leverage on 
Hypertext Transfer Protocol (HTTP), which is communication protocol 
for transferring data. The HTTP communication protocol operates on a 
request-response model. Basically, the back-end APIs of the EU module 
can initiate HTTP requests directed to the SBDT module’s back-end APIs 
to request information, and in response, the SBDT module’s back-end 
API respond with the requested information via HTTP responses. All 
data exchanged between the modules is formatted in JSON (JavaScript 
Object Notation), a widely used data format that makes it easy to 
organize and share information clearly and efficiently.

Additionally, to ensure secure data transfer, a Virtual Private 
Network (VPN) is used. A VPN creates a private, encrypted connection 
over the internet, which means that the data exchanged between the 
SBDT and DS modules, as well as between the corporate group’s infor
mation system database and the DS module, is protected from unau
thorized access. This encrypted connection helps to safeguard sensitive 
information and ensures that it cannot be easily intercepted or accessed 
by anyone outside the intended network.

5. The simulation based digital twin module

In this section, the authors present the SBDT module operational 
functioning. The primary objective of this module is to create a virtual 
replica of any kind of manufacturing process, consisting of one or more 
operations, leveraging on standardized data taken as input. Upon the 
automatic generation of manufacturing processes simulation models, 
the SBDT module becomes a dynamic tool for conducting what-if ana
lyses across different manufacturing scenarios. This capability enables 
end users to make decisions by assessing the impacts of several 
manufacturing parameters on different KPIs within the domain of multi 
plant production planning activities. Section 4.1 presents the input data 
groups necessary for initializing the simulation model. In Section 4.2, 
the authors describe the simulation modeling approach employed by the 
SBDT module by presenting its main components, their functionalities 
and interaction. Finally, Section 4.3 is dedicated to simulation runs and 
what-if analysis scenarios. Here, the manufacturing parameters that can 
be selected and modified, along with the associated KPIs, which allows 
the evaluation of each manufacturing scenario’s performance, are 
presented.

5.1. Data input

To leverage the full potentialities of the platform, it is necessary to 
ensure the availability of several manufacturing data, categorized into 
the three following groups: 

1) Resources data: it consists of information related to each plant 
resource, including machines, tools, and various equipment neces
sary for carrying out a production operation. Please note that, for a 
fully manual operation, it is essential to list a fictitious resource, 
specifying only a subset of information, the specifics of which are 
detailed in Table 3;

2) Orders data: this category includes the list of ongoing and planned 
orders within each manufacturing plant, providing detailed infor
mation for each order;

3) Bill of process data: these data specify, for each production order, the 
list of operations along with the associated resources required for its 
completion.

Table 3 summarizes, for each of the aforementioned data groups, a 
list of the data element with their descriptions and type definition, 
which serves as input to the SBDT module.

5.2. Simulation modelling approach

This section describes the simulation modeling approach enabling 
the SBDT module to generate simulation models of any kind of pro
duction processes. As highlighted in Section 3.2, the module utilizes 
Tecnomatix’s Plant Simulation software, built upon the principles of 
object-oriented modeling. Therefore, Plant Simulation is organized 
around objects, instances of classes that specify the attributes and be
haviors shared by these objects. In the context of SBDT, three key classes 
have been defined (input class, workstation class and system class), 
whose instances and their interaction allows to automatically reproduce 
the production process of the manufacturing plants. Following, the au
thors begin by introducing the key classes of the SBDT module and then 
detail the main steps followed by the SBDT module to develop the 
simulation models.

Input Class
The input class establishes the connection between the SBDT and the 

DS modules to get input data as well as generate the simulation models 
virtual resources representing real plants resources, referred to as objects 
workstation within the platform. The class consists of several objects 
method and objects table, where objects method are lines of code that 
define the operational logic of the class and objects table are used to 
structure and classify the platform’s input data. Specifically, the input 
class includes an object method to establish a connection with the DS 
module via ODBC. Upon establishing the connection, three distinct ob
jects method − one for each data group outlined in Table 3 − execute SQL 
queries requesting input data from the DS module. The DS module re
sponds with the requested data which are then organized into its in
ternal objects table, categorizing them into the data group related to the 
resources, orders, and the bill of process. Once the data are stored within 
the SBDT module, the input class uses them to customize generic in
stances of the workstation class, creating a corresponding object work
station for each resource listed in its resource data table. This 
customization is achieved through the programming code which has 
been already presented in Fig. 1.

Workstation Class
The workstation class defines the attributes and behaviors of a 

generic virtual resource (object workstation) which can be customized by 
the input class to reproduce the behavior of any kind of real resource. 
This class has been designed to replicate behaviors, interactions, and 
functionalities of real-world resources within the SBDT module. Fig. 4
provides an overview of all the objects developed within this class. 
Utilizing various objects method, this class is designed to manage the 
operations which objects workstation have to carry out taking into ac
count scheduling rules and maintenance activities. It’s important to 
highlight that the coordination and interaction between the different 
objects of this class are managed by the system class, which will be 
discussed in detail later in this research.

The operational logic of each object workstation can be summarized as 
follows: a start method is implemented to initialize each object work
station within the simulation. This method prompts the object workstation 
to begin processing when the system class requests its involvement. 
Upon initialization, the object workstation first checks its current state, 
which can be either “available” or “busy”. An object workstation is 
considered “available” if it is not currently engaged in any operation, 
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and “busy” if it is actively performing a task. If the object workstation is 
“busy”, any incoming items are placed in an object queue, where they 
wait for the next available slot according to the selected scheduling rule. 
If the object workstation is “available”, it immediately begins the opera
tion, updating its state to “busy”. After completing an operation, the 
object workstation marks the current operation, as identified by the WIP 
operation data for that order, as completed. It then checks if there are 
any items in the object queue awaiting processing. If no items are in the 
object queue, the workstation sets its status to “available” and waits for 
further initialization from the system class. If there are items in the object 
queue, it begins processing the next item. Fig. 5 depicts visually the 
aforementioned operational logic.

System Clas
The system class manages the objects workstation (virtual resources) 

and their interactions to replicate the entire production process neces
sary to complete the manufacturing orders. This class is highly complex, 
consisting of 905 distinct objects method defined through several thou
sand lines of programming code. At the start of each working day, the 
class accesses the order data table within the input class to identify or
ders that have not yet been initialized and are scheduled to start on that 
specific day. Once the relevant orders are identified, for each of them an 
object method retrieves the bill of process data by matching the order ID 
from the orders data table with the corresponding entries in the bill of 
process data table. For each operation to be performed for completing 
that order, the class assigns the appropriate object workstation by linking 
the resource ID from the bill of process data table with the entries in the 
resources data table. This approach enables the system class to deter
mine which operations are needed for each order and which resources 
execute them. Additionally, the class determines the sequence in which 
the operations will be performed (based on the WIP ID and next WIP ID 
data), coordinating the flow of operations and it initialize the objects 
workstation in accordance with the operational logic of the workstation 
class. Furthermore, the system class includes all the objects developed 

for calculation the KPIs, which will be discussed in detail in Section 4.3.
Simulation modeling steps
Following, the authors report the main steps run by the SBDT module 

for the simulation modelling.
STEP 1 − DATA EXTRACTION
The first step involves getting input data from the DS module. 

Fig. 4. Workstation class overview.

Fig. 5. Operational logic of objects workstation.
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Leveraging on its ODBC object, the SBDT module through its input class 
executes data queries to request and retrieve the necessary input data 
from the DS database.

STEP 2 − DATA MAPPING
The obtained data are imported within the input class and system

atically organized into three distinct data table objects (resources data 
table, orders data table and bill of processes data table), aligning with 
the predefined input data groups (resources, orders, and bill of process), 
as presented in section 4.1.

STEP 3 – PRODUCTION RESOURCES REPLICATION
The input class customizes generic instances of the workstation class, 

generating as many objects workstation as the number of resources listed 
in its resource data table. These objects, reproducing virtually all the 
manufacturing plants available resources and faithfully replicating their 
behaviors, are subsequently stored within the system class.

STEP 4 – PRODUCTION PROCESSES REPLICATION
The system class identifies the orders to be fulfilled, determine the 

required operations for each order, and assign the corresponding re
sources to execute these operations in the correct sequence. By man
aging the interactions between the different resources, the system class 
replicates the entire production process needed to complete the 
manufacturing orders.

Fig. 6 provides a visual representation of the systematic step-by-step 
simulation modeling approach.

5.3. Simulation and what-if analysis

Once the SBDT successfully maps the internal supply chain, 
including production resources, orders, and associated processes for 
each plant, the platform becomes a dynamic tool available to end users 
(i.e. overall internal supply chain production planner, plant production 
planner, production director, etc.) to support production planning 

activities. The initial step involves (1) simulating the current state of 
production orders and processes for each plant, and assessing them 
based on predefined KPIs. Subsequently, end users can vary several 
manufacturing parameters (2) in order to generate alternative 
manufacturing scenarios (3). The impact of these changes on the 
selected KPIs is then evaluated (4). This iterative cycle (2 to 4) continues 
until the end users decide for the final manufacturing scenario (5), based 
on improved KPIs values. The implementation of the assigned 
manufacturing parameters values and the calculation of KPIs within the 
platform are orchestrated by the programmed methods embedded 
within the system class of the SBDT. Fig. 7 visually represents this 
iterative cycle.

Table 4 reports the list of changeable manufacturing parameters, 
providing details for each of them, the name, a brief description, a 
predefined set of options (if applicable) to be selected, and the data type 

Fig. 6. Simulation modeling steps.

Fig. 7. Iterative decision-making cycle.
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that end users can input within the platform. Additionally, it specifies 
the elements to which these design parameters are associated, such as 
resources, plants, processes, orders, and the overall internal supply 
chain. Furthermore, when a parameter lacks predefined options, end- 
users have the flexibility to input any value following the specified 
data type format. On the other hand, in instances where a predefined set 
of options is available, the data type column is denoted as not applicable 
(N/A). This is because users are not required to adhere to any specific 
data type, as it is already defined by the implemented option, and they 
can only select one of them.

As concern what-if analysis, a manufacturing scenario is defined by 
the specific combination of manufacturing parameters values that end- 
user’s input into the platform. After accessing the platform, end-users 
can customize these parameters based on the options and data types 
outlined in Table 4. By adjusting values for the manufacturing param
eters, end-users create different potential manufacturing configurations 
to be assessed against the set of pre-defined KPIs. Once the 
manufacturing parameter values have been set and the scenario is 
determined, before launching the simulation, end-users need to 
configure the simulation settings, according to their specific needs. 
Specifically, there are two key settings to be adjusted: 

1. Simulation span: this setting specifies the number of working days to 
be simulated, starting from the simulation start date

2. Simulation speed: this setting determines the pace at which the 
simulation will run. End-users can choose from three options: 
a. Realtime simulation speed: the simulation runs in real-time, 

mirroring actual time progression
b. Fast simulation speed: in this mode, 8 working hours are simu

lated in just 1 s
c. Virtual simulation speed: this mode runs the simulation as quickly 

as the hardware allows, maximizing speed based on the platform’s 
computational capabilities

Following the definition of the manufacturing scenario and the 
configuration of the simulation settings, the SBDT module initiates the 

simulation and computes the values of a predefined set of KPIs. These 
KPIs offer a quantitative evaluation of the scenario’s performance, 
allowing end-users to compare alternative scenarios and choose the 
most suitable one. Table 5 summarizes the implemented KPIs within the 
platform, presenting their names and descriptions, along with the pre
sentation format through which end users can acquire the information. 
Additionally, it specifies the elements to which these KPIs are associated, 
such as resources, plants, processes, orders, and the overall internal 
supply chain.

The KPIs are calculated using objects method implemented within the 
system class of the SBDT module. As examples, following the authors 
present the object method developed to calculate the KPIs average flow 
time and average tardiness at plant level. The method employs a for-next 
loop to calculate the total flow time and total tardiness. Specifically, it 
navigates through the order data table, iterating over each order to 
check its status. For completed orders, it increments the total flow time 
variable with the flow time of that specific order. Next, for each 
completed order, it checks whether the order was completed late. If an 
order was delayed, it increments a variable by the amount of tardiness of 
that specific order to compute the total tardiness. At the end of the for- 
next loop, it calculates the KPIs average flow time and average tardiness 
by using an if-end loop. If at least one order is completed, the average 
flow time and tardiness are computed by dividing the total values of flow 
time and tardiness, computed within the aforementioned for next loop, 
by the number of completed orders. Fig. 8 illustrates the programming 
code of the object method implemented to calculate the KPIs for average 
flow time and average tardiness.

Figs. 9 to 11 illustrate examples of graphs generated by the platform 
to visualize KPIs such as utilization levels, average and peak queue 
levels, and energy consumption for each resource.

The utilization level graph (Fig. 9) displays the usage of each plant 
resource throughout the simulation period (simulation span) chosen by 
the end-users. Specifically, for each resource, the graph indicates the 
percentage of time spent working, waiting for tasks, setup time, down
time due to failures, mandatory breaks, and stops for regular mainte
nance, thus providing an overall summary of the resource’s 

Table 4 
Manufacturing parameters.

Manufacturing 
parameter name

Description Multiple 
Options 
Selection

Data 
Type

Resource Process Order Plant Supply 
Chain

Supply Chain 
Configuration*

Setup of the supply chain, delineating the list of plants capable of 
fulfilling a particular order

Conf. 1 
Conf. 2 
Conf. n

N/A − − − − ✓

Scheduling Rule** Load rule applied to either a single resource or all resources within a 
plant. It determines the prioritization of items in the queue, favoring 
those with higher priority when multiple pieces are waiting to be 
processed

FIFO 
LIFO 
SPT 
LPT 
EDD 
NINQ 
WINQ 
LWKR

N/A ✓ − − ✓ −

Process Time 
Variability

Variability of the process time given as input for each resource. It 
reflects the real-world scenario where actual process times may vary 
within a certain range due several dynamic factors

0 % 
5 % 
10 % 
15 % 
20 %

N/A ✓ − − − −

Order Start Date*** Planned production start date for a specific order N/A Date − − ✓ − −

Order Due Date Latest due date to complete a specific order N/A Date − − ✓ − −

Working Shift*** Number of designated working shifts for a specific plant 1 shift 
2 shifts 
3 shifts

N/A − − − ✓ −

Maintenance Date Next scheduled date for routine maintenance of a specific resource N/A Date ✓ − − − −

*The set of available configurations differ based on the specific supply chain under examination.
**FIFO = First In First Out; LIFP = Last In First Out; SPT = Shortest Processing Time; LPT = Longest Processing Time; EDD = Earliest Due Date; NINQ = Number In Next 
Queue; WINQ = Work In Next Queue; LWKR = Last Workload Remaining.
***This manufacturing parameter can be changed only for orders not yet in production.
***One working shift is currently configured with a duration of 8 h. It can be customized according to the plant’s requirements.
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performance.
The graph (Fig. 10) depicting the average and peak queue levels KPIs 

illustrates the number of items waiting in queue for each resource during 
the simulated period. This visualization helps identify bottlenecks and 
resource constraints by highlighting how often and how severely queues 
build up at different stages of the production process. Additionally, the 
energy consumption graph (Fig. 11) displays the energy usage of each 

resource, measured in kilowatt-hours (kWh), throughout the simulated 
working days. This graph allows end-users to evaluate the energy effi
ciency of resources, offering a clear understanding of how each resource 
contributes to the overall energy footprint of the production system.

It is noteworthy to note that this paper focuses on introducing the 
platform, providing an overview of its architecture, and detailing the 
specifics of the SBDT module through a case study to demonstrate its 

Table 5 
KPIs.

KPI name Description Presentation 
Format

Resource Process Order Plant Supply 
Chain

Utilization Level Level of usage of either a specific resource or the entire production plant 
within a predefined period set by the end-user

Graph ✓ − − ✓ −

Average Queue 
Level

Average number of items to be processed and in queue either for a specific 
resource or at plant level within a predefined period set by the end-user

Graph ✓ − − ✓ −

Peak Queue Level Peak number of items to be processed and in queue either for a specific 
resource or at plant level within a predefined period set by the end-user

Graph ✓ − − ✓ −

Energy 
Consumption

Amount of energy consumed at the resource, process, order, plant, and supply 
chain levels within a pre-defined period set by the end-user

Graph ✓ ✓ ✓ ✓ ✓

Gantt Production schedule displaying the start and end times of orders at singe plant 
and overall supply chain level

Graph − − − ✓ ✓

Tardiness Delay in fulfilling a customer order in comparison to the initially scheduled 
delivery date

Numerical values 
[days]

− − ✓ − −

Average Tardiness Average delay in fulfilling customer orders compared to the initially 
scheduled delivery date, evaluated at both the plant and supply chain levels 
and within a pre-defined period set by the end-user

Numerical values 
[days]

− − − ✓ ✓

Flow Time Total duration required to complete a specific order Numerical values 
[days]

− − ✓ − −

Average Flow Time Average total duration required to complete customers’ orders at both the 
plant and supply chain levels and within a pre-defined period set by the end- 
user

Numerical values 
[days]

− − − ✓ ✓

Number of late 
orders

Total number of delayed orders in fulfilling the customer due date at plant and 
supply chain level

Numerical values 
[# orders]

− − − ✓ ✓

Number of orders 
not completed

Total number of orders not yet completed at plant and supply chain level Numerical values 
[# orders]

− − − ✓ ✓

Number of 
completed orders

Total number of completed orders at plant and supply chain level Numerical values 
[# orders]

− − − ✓ ✓

Fig. 8. Average flow time and average tardiness object method.
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practical use. The detailed exploration of other platform modules, 
especially those associated with the EU one, including graphic user in
terfaces to input manufacturing parameters and display KPIs are de
ferred to a future research work.

6. Calculation

This section is aimed at explaining and discussing the application of 
the Multi Plant Digital Twin Production Planning Platform to a real case 
study. Practically, it is shown how the tool proposed in this paper can 
support corporate groups in improving their performance at two levels: 
(i) plant and (ii) ISC.

6.1. Case study: reference context

The case study addressed in this paper refers to a corporate group 
that operates in the Oil&Gas sector and manufactures different types of 
energy-oriented products. For privacy reasons, the name of the group it 
is not revealed. With a strong presence in the Italian market, it is a 
leading corporate group specialized in developing innovative solutions 
for energy production, transformation, and sustainability, leveraging its 
extensive expertise in engineering and technology to address the 
evolving needs of the customers. The Oil&Gas industry presents unique 
challenges for supply chain management due to the complex nature of 
its projects, the high degree of customization required, and the global 
scale of operations. This corporate group faces the critical challenge of 

Fig. 9. Example of graph showing the resources utilization level.

Fig. 10. Example of graph showing resources average and peak queue levels.
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reducing lead times for orders that traverse multiple nodes in its ISC, 
while simultaneously striving to gain a more precise overview of their 
entire production process (i.e., supply chain visibility). The corporate 
group works according to a make-to-order (MTO) policy, and product 
customization is one of its main strengths.

6.2. Case study: platform implementation

This section details how the developed solution was implemented at 
the corporate group.

Definition of the goals
The authors of this manuscript conducted a period of research at the 

corporate group, during which they carried out structured interviews 
with the management team. Through these interviews, they identified 

the primary objectives to be achieved by implementing the platform 
previously introduced and described. The interviewed workers high
lighted a significant challenge in effectively planning orders due to the 
complexity of the process. Each time a new customer order is received, 
there are existing orders already in progress, making it necessary to 
determine whether to uphold the current decisions or to reschedule 
entirely. These decisions become particularly difficult in the absence of a 
supportive planning tool. In this context, the need to improve KPIs such 
as Flow Time, Tardiness, and the total number of late orders was 
underscored. Given that these are high-value customized products, any 
delay in delivery incurs substantial penalties, related to each day of 
delay, as stipulated in the customer contracts.

Data collection, mapping of the production process and implementation
The corporate group produces different types of products. The focus 

Fig. 11. Example of graph showing the resources energy consumption.

Fig. 12. Sequence of operations for turbine manufacturing.
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of this paper is on a customizable turbine. After a series of visits to the 
corporate group, the data needed to model the entire production process 
were collected through specific interviews and company documents. As 
detailed in Fig. 12, some manufacturing, assembly, and testing opera
tions are necessary to create the finished product. The customization 
opportunity granted to the customer does not influence whether to carry 
out the operations nor their sequence, but only their duration, which is 
determined by the product’s technical specifications.

To perform all the aforementioned operations, the corporate group 
utilizes a network of five production plants (P), each capable of 
executing specific operations as outlined in Fig. 13. This figure illus
trates the internal supply chain, which is organized into three tiers. It is 
important to underline that all plants can carry out also other opera
tions, based on the available resources. However, those indicated are the 
only ones related to the product of interest.

As it can be noted, some operations can be conducted by one or more 
plants (i.e., A01 and A02 can be carried out by P3 or P4; M06 an M07 can 
be carried out by P1 or P2). Therefore, given a new order, the decision 
maker can choose which operations to assign to which plants, according 
to the 16 Supply Chain Configurations (SCCs) indicated in Table 6.

Once the objectives were defined, the company data collected, and 
the production process mapped, the authors proceeded with the 
implementation of the SBDT, following the simulation modelling 
approach presented in section 4.

6.3. Case study: results and discussion

This section presents and discusses the results obtained. The refer
ence period, encompassing the entire year of 2023, was particularly 
intense for the corporate group, which had to manage over 50 new or
ders related to the turbine featured in this case study. Additionally, 
several orders received in the prior year were already scheduled across 
various plants. To support decision-making as effectively as possible, a 
dashboard with a set of indicators, was made available to the production 
planner. As an example, the Flow Time value for order O_030 according 
to the different SCCs is shown in Table 7, considering the FIFO load rule. 
Table 8 instead shows the Tardiness value for order O_022 based on the 
different SCCs, under the SPT rule.

Basically, every time a new order is received and accepted by the 
corporate group, SDBT simulates the assignment to all 16 supply chain 
configurations for 3 different load rules: FIFO, SPT, EDD. Therefore, 48 
different scenarios are simulated. In this context, two KPIs are evaluated: 
Flow Time and Tardiness. Given this dashboard, the planner can choose 
the SCC for each order.

The platform also provides information about what happens to the 
rest of the orders already in progress, in case a new order is assigned to a 

certain supply chain configuration. In this way, the planner has two 
types of information. On the one hand, he/she has a view on the single 
new order and can evaluate the benefits of assigning it to one SCC rather 
than another. On the other hand, for each possible SCC, he/she can 
evaluate the impact that assigning the new order to a SCC has on all the 
other orders already in progress. Experimentation on the use of the 
platform continued throughout 2023. At the end of the year, to prove the 
validity of the proposed solution, the results obtained were compared 
with those that would have been obtained if the corporate group had 
continued to process orders as usual, i.e. view on the single plant more 
than the entire ISC and systematic use of the EDD rule. Table 9 shows 
that using the Simulation-Based DT platform has allowed to reduce the 
average Flow Time value by 7–8 % and average Tardiness by 30 %. In 
addition, a lower number of late orders has been recorded, which is an 
extremely significant aspect, considering that it could be necessary to 
pay expensive penalties in case of late delivery of the product.

In summary, the proposed platform provides significant support to 
effectively solve the problem of assigning new orders to the multiple 
plants of the ISC. This solution enables the simulation of numerous 
scenarios, whose goodness can be evaluated in a safe and controlled 
environment before making decisions in the real world.

7. Conclusions

The research activities begin with a review of the literature on the 
use of SBDTs in production planning and supply chain management, 
with a particular focus on the primary research approaches proposed for 
ISC management. This analysis reveals that, while several promising 
methodologies exist for using digital twins to support production plan
ning in manufacturing and enhance material flow management in sup
ply chains, there is a lack of digital twin-oriented models designed to 
support production activities across multiple plants within an ISC. To 
address this gap, the authors introduce a multi-plant production plan
ning platform specifically developed to support production planning 
activities in ISCs. The platform allows end-users to evaluate alternative 
manufacturing scenarios, with each scenario defined by a unique com
bination of manufacturing parameter values which can be given in input 
to the platform. Upon accessing the platform, end-users can customize 
these parameters at both the plant and ISC levels, creating various po
tential configurations. These configurations are then simulated by the 
platform and assessed against a set of pre-defined KPIs, enabling users to 
identify and select the most suitable scenario. In this research, the au
thors first introduce the platform’s overall architecture, including a brief 
description of its main modules. The focus then shifts to detailing the 
platform’s core component, the SBDT module. Developed using Tecno
matix’s Plant Simulation software, the module consists of three key 

Fig. 13. Corporate group ISC.
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classes (input class, workstation class, and system class). The interaction 
of these classes allows for the automatic reproduction of the production 
processes of the manufacturing plants. The paper details the main 
operational logic of each class, as well as how they interact with each 
other. Moreover, the authors also outline the key manufacturing pa
rameters and the KPIs, explaining how the platform enables the gener
ation and assessment of different manufacturing scenarios. The 
platform’s effectiveness is demonstrated through a case study in the Oil 

& Gas manufacturing sector, illustrating how end-users can optimize ISC 
production planning. The study shows how the platform helped the 
corporate group to select a manufacturing scenario that resulted in 
improved average flow time and tardiness compared to a baseline sce
nario chosen without using the platform.

Regarding the implications of this research, the work has a signifi
cant impact on the ISC management framework, particularly in 
improving decision-making processes for production planning. By pre
senting a flexible and dynamic tool for analyzing the effects of various 
manufacturing parameters, this research provides several key benefits. 
The ability to simulate different manufacturing scenarios allows man
agers to allocate resources more effectively across multiple plants, 
improving overall efficiency in terms of under- or over-utilized re
sources. The platform enables real-time assessment of various produc
tion strategies, allowing corporate groups to quickly adapt to changes in 
market conditions, supply chain disruptions, or operational constraints. 
In addition, the platform’s use of simulation-based digital twins en
hances predictive analytics, allowing managers to anticipate potential 
bottlenecks, resource shortages, or inefficiencies before they occur, 
leading to proactive decision-making. Furthermore, by regularly eval
uating different scenarios and their outcomes, best practices and areas 
for improvement can be identified, promoting a culture of continuous 
improvement and operational excellence. Finally, by providing a clear 
view of the potential impacts of different manufacturing scenarios, the 
platform minimizes the risk of costly errors or miscalculations, ensuring 
that decisions are data-driven and evidence-based.

However, despite its contributions and relevant implications, the 
platform also has some limitations that point to future research di
rections. Currently, the choice of the most suitable manufacturing sce
nario is left discretionarily to the end-user based on the KPI values, 
rather than being driven by automated optimization. Future research 
efforts are therefore needed for implementing optimization algorithm or 
artificial intelligence techniques for automating and optimizing the 
decision-making process. Additionally, the platform functioning de
pends on the use of the same corporate group information system by all 
the plants of the ISC. However, in a large corporate group, this is not 

Table 6 
Possible SCCs, based on the operations assigned to the different plants.

SCC M02 M03 T02 T03 M01 M06 M07 T01 A01 A02 M04 M05 A03 T04

SCC1 P5 P5 P5 P5 P2 P1 P1 P2 P3 P3 P4 P4 P1 P1
SCC2 P5 P5 P5 P5 P2 P1 P1 P2 P3 P4 P4 P4 P1 P1
SCC3 P5 P5 P5 P5 P2 P1 P1 P2 P4 P3 P4 P4 P1 P1
SCC4 P5 P5 P5 P5 P2 P1 P1 P2 P4 P4 P4 P4 P1 P1
SCC5 P5 P5 P5 P5 P2 P1 P2 P2 P3 P3 P4 P4 P1 P1
SCC6 P5 P5 P5 P5 P2 P1 P2 P2 P3 P4 P4 P4 P1 P1
SCC7 P5 P5 P5 P5 P2 P1 P2 P2 P4 P3 P4 P4 P1 P1
SCC8 P5 P5 P5 P5 P2 P1 P2 P2 P4 P4 P4 P4 P1 P1
SCC9 P5 P5 P5 P5 P2 P2 P1 P2 P3 P3 P4 P4 P1 P1
SCC10 P5 P5 P5 P5 P2 P2 P1 P2 P3 P4 P4 P4 P1 P1
SCC11 P5 P5 P5 P5 P2 P2 P1 P2 P4 P3 P4 P4 P1 P1
SCC12 P5 P5 P5 P5 P2 P2 P1 P2 P4 P4 P4 P4 P1 P1
SCC13 P5 P5 P5 P5 P2 P2 P2 P2 P3 P3 P4 P4 P1 P1
SCC14 P5 P5 P5 P5 P2 P2 P2 P2 P3 P4 P4 P4 P1 P1
SCC15 P5 P5 P5 P5 P2 P2 P2 P2 P4 P3 P4 P4 P1 P1
SCC16 P5 P5 P5 P5 P2 P2 P2 P2 P4 P4 P4 P4 P1 P1

Table 7 
Flow Time value for order O_030, based on the 
different SCCs, under the FIFO load rule.

SCC Flow Time [days]

SCC1 152
SCC2 156
SCC3 148
SCC4 147
SCC5 150
SCC6 140
SCC7 165
SCC8 142
SCC9 158
SCC10 150
SCC11 152
SCC12 152
SCC13 152
SCC14 153
SCC15 155
SCC16 160

Table 8 
Tardiness value for order O_022, based on the 
different SCCs, under the SPT rule.

SCC Tardiness [days]

SCC1 0
SCC2 0
SCC3 12
SCC4 8
SCC5 5
SCC6 4
SCC7 0
SCC8 0
SCC9 2
SCC10 3
SCC11 4
SCC12 5
SCC13 0
SCC14 0
SCC15 2
SCC16 11

Table 9 
Comparison between the two settings: use of the platform vs. non-use of the 
platform in 2023.

KPI Use of the 
Platform

Non-use of the platform 
(baseline)

Average Flow Time [days] 145 157
Average Tardiness [days] 7 10
Number of Late Orders 

[units]
4 13
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always the case (e.g., following acquisitions of plants belonging to 
different groups). Therefore, further research efforts are required to 
enable communication between the platform and plants, regardless of 
the information systems they use. Furthermore, the platform’s effective 
functioning depends on a well-defined, standardized, and structured 
data framework. This may limit its applicability in environments where 
data sources are heterogeneous or not standardized. Therefore, future 
developments could focus on incorporating capabilities that allow it to 
handle diverse data structures and formats. Finally, when multiple 
plants are capable of performing the same production step, the alloca
tion of orders or multiple orders to these plants, which is currently 
determined by the end-users, evolves into a complex allocation problem. 
This challenge represents a key area for further investigation in future 
research studies.
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