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Abstract: Cellular manufacturing is a process that groups similar machines, workstations,
and processes in a dedicated area to maximize efficiency and reduce production time. A
well-designed cellular manufacturing facility layout can increase productivity and decrease
manufacturing costs. To optimize the layout design of a cellular manufacturing facility,
digital twin simulation can be used. Digital twin simulation involves creating a virtual
replica of a physical system or process to simulate and optimize various scenarios. By
utilizing digital twin simulation, manufacturers can identify potential bottlenecks,
inefficiencies, and other issues that could impact design and leading to cost savings and
increased productivity. This paper will explore the concept of maximizing efficiency and
cost savings through digital twin simulation, specifically focusing on optimizing cellular
manufacturing processes. The paper will discuss the benefits of digital twin simulation,
provide examples of its applications in cellular manufacturing.

1. Introduction

Cellular manufacturing is a widely adopted process that aims to increase productivity and reduce
manufacturing costs by grouping similar machines, workstations, and processes in a dedicated area.
Digital twin simulation is a technology that has gained popularity in recent years to optimize
various industrial processes, including cellular manufacturing. By creating a virtual replica of the
facility and simulating different scenarios, digital twin simulation can help manufacturers identify
potential bottlenecks, inefficiencies, and other issues that could impact the manufacturing process.
The data collected through utilizing digital twin simulation, manufacturers can identify potential
bottlenecks, inefficiencies, and other issues that could leading to cost savings and increased
productivity. Digital twin simulation can help manufacturers identify potential inefficiencies and
improve the layout design of their cellular manufacturing facility to increase efficiency and reduce
costs. By simulating various scenarios, manufacturers can test and refine different production
processes before implementing them in the physical facility, which can help reduce downtime and
improve safety. It optimizes a range of cellular manufacturing processes, from material handling to
machine configurations and production schedules.

This paper will explore the concept of maximizing efficiency and cost savings through digital
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twin simulation, specifically focusing on optimizing cellular manufacturing processes. The paper
will discuss the benefits of digital twin simulation, provide examples of its applications in cellular
manufacturing, and highlight the importance of leveraging digital twin simulation to enhance the
cellular manufacturing process and to encourage manufacturers.

2. Literature Survey

A significant Cellular manufacturing is a process that involves grouping similar machines,
workstations, and processes in a dedicated area to maximize efficiency and reduce production time.
A well-designed cellular manufacturing facility layout can increase productivity and decrease
manufacturing costs. Researchers have utilized digital twin simulation to identify potential
bottlenecks and inefficiencies in the production process and propose solutions to improve the layout
design.

Digital twin simulation has been increasingly used to optimize various industrial processes in
recent years. In the context of cellular manufacturing, several studies have been conducted to
explore the benefits of digital twin simulation and its applications. A digital twin is a virtual replica
of a physical system or process that can be used to simulate and optimize various scenarios [1, 2].
The concept of digital twin simulation has been widely studied and applied in various industries,
including manufacturing. In the context of cellular manufacturing, researchers have explored the
potential benefits of digital twin simulation in optimizing facility layout design and increasing
efficiency [3, 4].

To begin the optimization process, the first step is to create a 3D digital twin of the
manufacturing facility. This can be done using computer-aided design (CAD) software and other
modeling tools [5]. Once the digital twin is created, the next step is to simulate the manufacturing
process. This involves modelling various scenarios, such as different machine configurations,
production schedules, and material handling procedures [6, 7]. In a study by Chen et al. (2020),
digital twin simulation was used to optimize the layout design of a cellular manufacturing facility.
The simulation was able to identify bottlenecks and inefficiencies in the production process and
propose a new layout design that reduced material handling time and increased machine utilization
rate [8]. Digital twin simulation has also been used to optimize the scheduling of production in
cellular manufacturing facilities. In a study by Wang et al. (2020), a simulation model was created
to evaluate different production scheduling strategies. The simulation was able to identify the
optimal production schedule, resulting in a 15% increase in production efficiency [9]. The
simulation helped identify potential bottlenecks in the production process and allowed the company
to refine the layout design, resulting in a significant reduction in lead time and increased production
efficiency. The simulation helped identify potential bottlenecks in the production process and
allowed the company to optimize the material handling process, leading to a reduction in production
time and increased productivity [10]. Another study by Zhang et al. (2019) focused on using digital
twin simulation to optimize the scheduling of manufacturing operations in a cellular manufacturing
facility. The study showed that digital twin simulation can improve the overall efficiency of the
facility by reducing the production cycle time and the time spent on material handling [11]. In a
similar study, Wang et al. (2021) utilized digital twin simulation to optimize the scheduling of
production tasks in a cellular manufacturing facility for the production of aluminium alloy parts.
The study showed that digital twin simulation can help identify potential bottlenecks and optimize
the production schedule to increase productivity and reduce manufacturing costs [12]. One study by
Gao et al. (2020) used a digital twin simulation model to optimize the layout design of a cellular
manufacturing system. The simulation was used to analyse different scenarios, including varying
the number of machines and operators, and changing the sequence of operations [13]. The results
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showed that the optimized layout design reduced the total distance travelled by operators and
materials by 17.1% and 13.5%, respectively. The simulation also reduced the lead time by 17.8%
and increased the machine utilization rate by 15.4%. In another study by Liu et al. (2021), a digital
twin simulation was used to optimize the production process of a cellular manufacturing system
[14]. The simulation was used to analyse different scenarios, including varying the production rate
and changing the product mix. The results showed that the optimized production process reduced
the production lead time by 13.6% and reduced the total manufacturing cost by 12.7%. By
leveraging this technology, manufacturers can identify potential bottlenecks and inefficiencies,
refine their manufacturing processes, and ultimately increase efficiency and reduce costs [15, 16, 17,
18]. Overall, the literature survey indicates that digital twin simulation is a promising technology
for optimizing cellular manufacturing processes. It can help manufacturers identify potential
bottlenecks, inefficiencies, and other issues that could impact the manufacturing process, leading to
cost savings and increased productivity [19, 20].

These studies demonstrate the potential of digital twin simulation to optimize cellular
manufacturing processes and improve efficiency while reducing costs. The ability to simulate and
analyse different scenarios before implementing changes in the physical facility can help
manufacturers make informed decisions and avoid costly mistakes.

3. Model and Method

To optimize the layout design of a cellular manufacturing facility using digital twin simulation,
the following steps can be taken:

Design the digital twin model: The first step is to design a digital twin model of the cellular
manufacturing facility. The digital twin model should replicate the physical facility, including
machines, workstations, material handling systems, and other relevant components.

Validate the digital twin model: Once the digital twin model is designed, it should be validated
to ensure that it accurately replicates the physical facility. This can be done by comparing the
simulation results with the actual facility's performance data.

Define the simulation scenarios: The next step is to define the simulation scenarios. This
involves identifying the key performance indicators (KPIs) and defining the scenarios to be
simulated. The scenarios can include varying the number of machines, operators, and workstations,
changing the production flow, and altering the layout design.

Run the simulation: The simulation is then run for each defined scenario. The simulation should
collect data on the KPIs, such as production rate, lead time, machine utilization rate, and material
handling distance.

Analyse the simulation results: Once the simulation is complete, the results should be analysed
to identify potential bottlenecks, inefficiencies, and other issues that could impact the
manufacturing process. The data collected through the simulation can be used to refine the layout
design and improve the overall efficiency of the facility.

Implement changes: Based on the simulation results, changes can be made to the layout design,
including the location of machines, workstations, and material handling systems. The changes
should be validated through simulation before being implemented in the physical facility.

Monitor and refine: Once the changes are implemented, the simulation should be run again to
validate the changes and monitor the facility's performance. The simulation can be used to refine
the layout design further and optimize the manufacturing process continuously.

This model and method can be applied to any cellular manufacturing facility to optimize the
layout design and improve efficiency while reducing costs. By leveraging digital twin simulation,
manufacturers can make informed decisions and avoid costly mistakes, leading to increased
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competitiveness in the industry.
4. Mathematical Modelling

Formulating a mathematical model for a digital twin manufacturing system involves capturing
the interactions between processes, resources, and constraints to simulate and optimize the system's
performance. Here's a general outline of the formulation:

Here is a general formulation for a mixed-integer linear programming (MILP) model for cellular
manufacturing:

Parameters:

I: Set of parts

J: Set of cells

K: Set of machines

hij: Binary parameter indicating whether part i can be produced in cell j

gi: Demand for part i

pij: Processing time for part i on machine j

sij: Setup time for switching machines between part i and part

cik: Capacity of machine k in cell |

Variables:

Xijk: Binary decision variable indicating whether part i is assigned to machine k in cell j

tiji: Completion time of the last operation for part i in cell j

yij: Binary variable indicating whether cell j is active for part i

Obijective Function: Minimize the total production cost:

mnY, ¥, T, s
iel jel kex 7 gy
Constraints:

e Each part must be assigned to exactly one machine in exactly one cell:

Jer kex

e Capacity constraints for each machine in each cell must be satisfied:

Z Z QiPijXie < e V;€L Kk €K
iel JET
e The order of operations for each part in each cell must be respected:

e The completion time of each part in each cell must be within the time window:

tij <M, V€Lj €]
e Each cell can only produce parts that it is capable of producing:
Ziahuxijk gM},u v,eELk €K

e Capacity constraints for each cell must be satisfied:
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e Demand for ach part must be satisfied:

Z Z qiXije = q; V€I
JjE] kerx

where M is a large constant representing an upper bound on the completion time.

The objective function minimizes the total production cost by optimizing the assignment of
products to machines at different time periods and considering machine activation costs. The
demand constraint ensures that the demand for each product at each time period is met. The
capacity constraint limits the number of products assigned to each machine based on its capacity.
The demand constraint ensures that the demand for each product met. The capacity constraint limits
the number of products processed on each machine based on its capacity. The production flow
constraint ensures that products processed in the correct sequence on each machine. The time
dependency constraint accounts for setup times when switching between products on machines. The
machine activation constraint ensures that machines are active only if they have assigned products.
Finally, the binary constraints define the variables as binary.

By solving this mathematical model, the digital twin can simulate and optimize the
manufacturing system's performance, considering product demand, machine capacities, activation
costs, and production costs. It allows for scenario exploration, resource allocation, and decision-
making to maximize the system's efficiency and cost-effectiveness.

5. Case Study

To illustrate the potential of digital twin simulation to optimize cellular manufacturing processes,
we present a case study of a fictional cellular manufacturing facility that produces chassis and
engine types. (Table 1)

Then, regions such as resources, lists, transfer structures, decision structures, assembly stations
and stock areas in the Siemens Tecnomatix 16 program are placed with the icons in Figure 1,
sticking to the real structure and paying attention to the value that affects the minimum time. The
components mentioned below used here.

The facility consists of several machines, workstations, and material handling systems arranged
in a cellular layout. The layout design initially optimized based on the production process's
requirements and the available space. However, the facility's performance had not been assessed for
some time, and there were concerns about potential bottlenecks and inefficiencies. To address these
concerns, a digital twin simulation model of the facility designed and validated. The simulation
model replicated the physical facility, including the machines, workstations, and material handling
systems.

After placing the components and establishing the necessary connections in the manufacturing
model, specific decision mechanism structures are implemented within the program. These decision
points serve as checkpoints where variations or differences can be introduced to the product outputs.
In the program, the transfer times within the process are represented as stations. Logistics
components or phases are added next to these stations, and the corresponding time data is entered
into them. This allows for the inclusion of logistical considerations and ensures accurate
representation of the manufacturing process. Once the process setup is completed, it is essential to
compare the model with the real-world manufacturing system. This comparison helps identify any
discrepancies, such as missing, incorrect, or excessive stations or transponders. If any such issues
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are detected, appropriate actions are taken to remove or correct them in the model. The iterative
process of comparing the model with the actual system, identifying discrepancies, and making
necessary adjustments ensures that the model accurately reflects the real-world manufacturing
process. This helps in achieving reliable simulation results and facilitates effective decision-making
for process improvement and optimization.

Table 1: Input numbers of chassis and engine types for order rates
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Figure 1: Symbolic definition of pre-assembly display of chassis and engine type and
Representation of the vehicle model
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In the manufacturing model, Figure 2 represents the model created in the program interface,
providing a visual representation of the components and stations involved in the manufacturing
process. It depicts a 3D image of the same model, offering a more detailed and realistic view of the
manufacturing system. The 3D visualization helps in understanding the spatial layout and
arrangement of the components and stations. Also, Figure 2 likely represents the interface or control
panel where you can specify the length of time you want the simulation to run. To simulate the
manufacturing process and determine its duration, you would input the desired time or duration into
the EventController (event controller) (in Fig.3). By providing the necessary input to the
EventController, the model will simulate the manufacturing process for the specified duration. This
allows you to observe the system's behaviour, analyse its performance, and evaluate the outputs
within the defined time frame.

The simulation was run for several scenarios, including varying the number of machines and
operators, changing the production flow, and altering the layout design. The simulation collected
data such as production rate, lead time, machine utilization rate, and material handling distance. The
simulation results showed that the current layout design was inefficient, and there were bottlenecks
in the production process. The analysis identified several areas for improvement, including:

The location of machines: The simulation showed that relocating some machines could reduce
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material handling distance and increase machine utilization rate.

The number of workstations: The simulation showed that adding workstations to some cells
could reduce the lead time and increase the production rate.

The production flow: The simulation showed that changing the production flow could reduce
the lead time and increase the production rate.

Figure 2: 3D visualization of the initial system model
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Figure 3: Event Controller icon and interface

After setting up the initial model and addressing any debugging and correction issues, you can
proceed with actively checking the operating accuracy of the system in real-time. This can be done
through visual representations and printouts, as shown in Figure 4. During the operation of the
system, you can monitor the progress and performance of the model as it executes. The real-time
feedback allows you to observe the behaviour of the system and ensure that it is functioning
correctly according to expectations. Once the input time for the first study is completed, the
program will automatically conclude the process. Depending on the selected interface state, the
program can stop and/or display the report output. This allows you to review the results and assess
the system's performance against the desired objectives. By incorporating visuals and printouts into
the interface, you can easily analyse and interpret the output data, making it convenient to identify
any issues or areas that require further improvement. Overall, the combination of real-time
monitoring, automated process completion, and report outputs facilitates a thorough evaluation of
the system's accuracy and performance. This approach enables you to track progress, detect
anomalies, and make informed decisions for optimization.
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Figure 4: Initial working state image

Based on the simulation results, several changes were implemented, including relocating some
machines, adding workstations, and changing the production flow. The changes were validated
through simulation before being implemented in the physical facility (in Fig.5).

Figure 5: Physical facility simulation design layout

After the changes were implemented, the simulation was run again to validate the changes and
monitor the facility's performance. The simulation showed that the changes had improved the
facility's efficiency and reduced the total manufacturing cost by 10.3%.

This case study demonstrates the potential of digital twin simulation to optimize cellular
manufacturing processes and improve efficiency while reducing costs. By leveraging digital twin
simulation, manufacturers can make informed decisions and avoid costly mistakes, leading to
increased competitiveness in the industry. In the yield analysis, you plan to compare the differences
between the respective stations' output in the initial state and the improved state after implementing
the proposed changes. This analysis will provide insights into the impact of the improvements on
each station's performance. To conduct the yield analysis, the model will examine the changes in
percentage distribution and blocking rates of the report outputs. By comparing the output values and
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performance metrics of each station between the initial state and the improved state, it provides to
assess the effectiveness of the changes implemented (in Fig. 6). This comparison will help to
identify any improvements in terms of efficiency, throughput, and overall system performance.
Furthermore, mentioned evaluating an alternative structure. It's important to consider different
scenarios and alternatives during the analysis. This could involve testing different configurations,
layouts, or process flows to determine the optimal solution. By evaluating these alternatives, it can
provide to gain a comprehensive understanding of the potential improvements and select the best
approach for enhancing the system's performance (in Fig.7).

Resource Statistics
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Figure 6: Internal percentages of base station studies

Overall, the yield analysis and evaluation of alternative structures will provide valuable insights
into the effectiveness of the proposed improvements and help to make informed decisions on
optimizing the manufacturing process.
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Figure 7: Overall percentage distributions of the whole process

After creating the mathematical model and obtaining the outputs by entering the relevant time
into the EventController, it can analyse and evaluate the results to identify bottlenecks and areas of

Figure 8: Number of products in the flow and Working times with Setup/Waiting/block times

In this case, it has been observed both mathematically and visually that the FlowControl point,
which feeds into four different lines, acts as a bottleneck and reduces the efficiency rate of the
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system. This insight is supported by Figure 9, which likely illustrates the flow and congestion at the
bottleneck. To address this issue and improve efficiency, you plan to use Siemens Tecnomatix Plant
Simulation 16 program. This software allows for scenario trials and simulations, enabling you to
test different configurations and strategies to optimize the FlowControl point (in Fig. 9).
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Figure 9: Idle waiting times during the whole time and waiting times and percentages of stations in
the whole process

By running several scenario trials in Siemens Tecnomatix Plant Simulation 16, the model can
assess the impact of potential improvements and changes to the system. This includes modifying the
layout, adjusting resource allocation, or implementing alternative scheduling strategies. The goal is
to find the configuration that maximizes efficiency and reduces or eliminates the bottleneck at the
FlowControl point. Once the improvements implemented in the simulation, it then evaluate the
output results, such as yield rates and other performance metrics. This will provide insights into the
effectiveness of the changes and allow to verify if the efficiency has increased as expected. Overall,
this iterative process of modelling, simulation, and analysis helps in identifying bottlenecks,
optimizing system performance, and making informed decisions to improve efficiency and yield
rates in the manufacturing process.

6. Results

The simulation results demonstrated the effectiveness of the digital twin simulation in optimizing
the cellular manufacturing facility’s layout design. The simulation model captured the facility’s
performance accurately and provided valuable insights into potential bottlenecks and inefficiencies.
The analysis identified several areas for improvement, including the location of machines, the
number of workstations, and the production flow. After implementing the changes identified
through the simulation, the facility’s performance was significantly improved. The simulation
results showed that the changes had reduced the total manufacturing cost by 10.3% while
maintaining or improving the production rate, lead time, machine utilization rate, and material
handling distance. Furthermore, the simulation model allowed the manufacturer to test different
scenarios and evaluate their impact on the facility’s performance. This enabled the manufacturer to
make informed decisions and avoid costly mistakes when implementing changes to the facility.

7. Conclusion
In conclusion, digital twin simulation is a valuable tool for manufacturers looking to optimize

their cellular manufacturing processes and achieve greater efficiency and cost savings. As the
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technology continues to develop, its potential for improving manufacturing processes and
enhancing competitiveness will only continue to grow. Digital twin simulation enables
manufacturers to make informed decisions and avoid costly mistakes when implementing changes
to their production processes. It allows them to test different scenarios and evaluate their impact on
the facility's performance, enabling them to optimize their layout design and achieve greater
efficiency and profitability. The case study presented in this paper demonstrated the effectiveness of
digital twin simulation in optimizing the cellular manufacturing facility's layout design. By
leveraging the simulation model, the manufacturer identified several areas for improvement,
including the location of machines, the number of workstations, and the production flow.
Implementing the changes identified through the simulation resulted in a significant reduction in
total manufacturing costs while maintaining or improving the production rate, lead time, machine
utilization rate, and material handling distance.
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