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Abstract

Purpose: This study focuses on optimizing the production line for air filter parts in a manufac-
turing company using discrete event simulation. The current production line is plagued by in-
efficiencies and bottlenecks, preventing it from meeting peak demands.
Design/methodology/approach: To address these issues, three optimization scenarios were
developed and analyzed: Scenario 1 extends machine operation to 24 hours to address limited
machine operation time; Scenario 2 incorporates in-process quality inspections to reduce the
number of defective products; and Scenario 3 adds workstations and reallocates operators to
optimize resource utilization and alleviate bottlenecks.

Findings: Scenario 3 demonstrated the highest efficiency, achieving a 63.16% increase in out-
put, reducing rejects, and balancing resource utilization. This scenario allows the company to
meet its peak demand of 550 units within 10 days.

Research limitations/implications: The findings highlight the importance of strategic re-
source management and workflow adjustments in enhancing production capacity and quality.
Practical implications: The study emphasizes the role of continuous monitoring and iterative
improvements in maintaining competitiveness and operational excellence.

Originality/value: The study contributes to the efficiency realm in manufacturing production
lines while using discrete event simulation to prevent meeting peak demands.

Keywords: Discrete Event Simulation, Production Line, Efficiency, Bottlenecks, Line Balanc-
ing

Introduction

A production line in a factory is a series of machinery, workers, and other personnel who build
a product by moving work from one station to the next until the product is completed (Zupan
et al., 2015). In a world where manufacturing is fiercely competitive, an effective production
process is essential to the productivity of the manufacturing system, thus ensuring the survival
of acompany. Mebrat et al., (2020) and Velumani et al. (2017a) states that systematic planning
and executing variations of processes involved in production results in a reduction of the need
for material handling, shortens the lead-time of production operation, and improves general
production line productivity.
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On the other hand, inefficiencies can cause the occurrence of bottlenecks, ineffective usage of
resources, and insufficient space in the production line, which may lead to higher expenses and
decreased productivity (Konur et al., 2023). For example, research conducted by Patale et al.
(2021) stated that the textile industry experiences a significant amount of downtime, with an
average of 800 hours per year, resulting in a 5% decrease in productivity. In another study
conducted by Hidayat et al., (2024), the author concludes that 101 experts in the automobile
industry who are facing serious problems with production in the United States suffer at least a
5% decrease in production capacity, resulting in a striking average cost of $1.3 million per hour
of downtime.

The manufacturing industry in Malaysia is a significant driver of the country's overall income.
(Dalenogare et al., 2018). According to Lim et. al (2021)90% of businesses in the nation com-
prise small and medium-sized enterprises (SME). This means that the productivity of SME
manufacturers is crucial to the economic growth in Malaysia. However, the issue plaguing
SMEs in Malaysia is the lack of skill development inside manufacturing organizations, and this
is mostly caused by an inadequate understanding of the necessary skills, abilities, and
knowledge in lean processes. (Abu et al., 2019).

In addition, Tay et al. (2021) Argued that most of the companies in emerging countries are still
implementing the traditional way of manufacturing, including Malaysia. Some of the examples
are hiring foreign workers in local manufacturers is still prevalent in most of the SMEs in the
nation (Hamzah et al., 2020). Furthermore, most of the industrial equipment present in the
factories is old, and operators are handling most of the work (Calzavara et al., 2020). The rea-
son for this behaviour is due to the lower income (Calzavara et al., 2020; Hamzah et al., 2020;
Kaasinen et al., 2020). The authors argued that SMEs prefer this solution because low-cost
manufacturing could lower the cost of the product, hence making it more relevant to stay com-
petitive rather than staying innovative.

Hence, in a low level of digitization in the manufacturing process, improvement in productivity
and efficiency of the process is critical in remaining competitive (Rouabah et al., 2023). Opti-
mal balance of production line layout and lean processes is are important factor to be consid-
ered so that delays in lead times and bottlenecks could be eliminated.

Despite how crucial it is, manufacturers nowadays are facing major challenges when it comes
to constructing an optimal production line. (Boysen et al., 2022). When there is a lot of varia-
tion in the number of product families and variants, changes in product designs, introduction
of new items, and demand volatility, creating a productive design can become a very difficult
process (ElI-Maraghy et al., 2013). The process of reconfiguring the production and mainte-
nance of facilities can be disruptive, costly, and time-consuming (Kapoor et al., 2021).
Therefore, it is crucial to address the inefficiencies and bottlenecks in the production line to
improve operational conditions. This is essential for any company to ensure long-term success
and adapt to the constantly evolving business environment, while also enhancing its market
position. To solve these issues, this study proposes using Discrete Event Simulation (DES) as
an effective method. DES allows for precise analysis and optimization of production processes
by replicating a real representation of the systems and experimenting with different variables
to predict outcomes without impacting the actual system. By identifying bottlenecks and inef-
ficiencies through DES, companies can implement data-driven solutions to streamline opera-
tions, enhance productivity, and reduce costs.

Literature Review

Production Line

A production line refers to a series of sequential operations in a factory that produces goods by
moving work from one station to the next until the product is completed (Zupan et al., 2015).
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The effectiveness of production line design is crucial for manufacturing efficiency, involving
principles such as line balancing, workflow optimization, and the Theory of Constraints (TOC).

However, production lines often face challenges such as material handling inefficiencies, im-
balanced workloads, and ergonomic issues. Poorly designed layouts can lead to excessive han-
dling times and increased costs (Erik et al., 2021). For example, inadequate space allocation
for workstations can cause congestion, leading to delays and potential safety hazards. Varia-
bility in task complexity and operator skill levels can also cause imbalances, affecting produc-
tivity and consistency in output (Gabriel et al., 2020). Addressing these challenges requires
advanced analytical tools and a comprehensive understanding of production dynamics to for-
mulate effective solutions (Z. Kang et al., 2020).

Line Balancing

Line balancing is a critical concept in production line design. It involves arranging tasks among
workstations so that each has an equal amount of work, preventing delays and improving effi-
ciency (Boysen et al., 2022). When tasks are balanced correctly, products move smoothly
through the production line without unnecessary waiting times (Kiran, 2019).

Line balancing ensures that each workstation has an equal workload, preventing delays and
enhancing material flow efficiency (Hardcopf et al., 2021; Kiran, 2019). Workflow optimiza-
tion involves arranging operations to eliminate bottlenecks and reduce cycle times, thus im-
proving overall production efficiency (Yelles-Chaouche et al., 2021). Khalid et al., (2021), for
example, implemented line balancing techniques to address problems related to shifting bottle-
necks that occur in an assembly line, resulting in improved production efficiency. However,
achieving perfect balance can be challenging due to varying task times and the complexity of
operations (Eriksson, 2020). Continuous monitoring and adjustment are necessary to maintain
an effective balance as production demands change.

Theory of Constraints (TOC)

The Theory of Constraints (TOC) focuses on identifying and strengthening the weakest link in
the production process, significantly improving system performance (Gupta et al., 2024; Rajini
etal., 2018). According to TOC, every production process has at least one constraint that limits
its performance (Kan et al., 2020; Ikeziri et al., 2019). By identifying and addressing this con-
straint, significant improvements can be made.

TOC involves five focusing steps: identifying the constraint, exploiting the constraint, subor-
dinating other processes to the constraint, elevating the constraint, and repeating the process
(Gupta et al., 2002). In practice, the method has been applied successfully in various industries.
For instance, in a furniture manufacturing production line, the bottleneck was resolved by ap-
plying a simulation-based approach that utilizes TOC. This method helped to balance the flow
of semi-finished materials, leading to an average production increase of 88% (Gundogar et al.,
2016).

Production Line Performance Metrics

Evaluating production line performance is essential for optimizing efficiency, achieving pro-
duction targets, and maintaining competitiveness. Key performance metrics include daily out-
put, waiting time, and resource utilization. Daily output measures the total quantity of products
produced in a day, tracking production targets and identifying bottlenecks (Boysen et al., 2022).
High daily output indicates a well-functioning production line, while low output may signal
inefficiencies or bottlenecks that need to be addressed.
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Waiting time refers to the duration products spend idle at various stages in the production
process. Excessive waiting times can lead to delays, increased lead times, and higher costs
(Fragapane et al., 2021). For instance, research by Gupta et al. (2024) emphasized the signifi-
cance of waiting time on the performance of production lines. The research underscored the
importance of implementing measures to reduce idle time and enhance the flow of produc-
tion.

Resource utilization metrics assess the effective use of production resources, such as machines,
equipment, and operators. Metrics such as machine utilization, operator utilization, and overall
equipment effectiveness (OEE) are commonly used to evaluate resource efficiency (Incekara,
2022; Lakho et al., 2020). High utilization rates indicate optimal resource allocation and min-
imal waste, while low utilization rates may signify underutilized capacity or inefficiencies in
production processes.

Analyzing these metrics together provides a holistic view of production line performance. For
instance, a decrease in waiting time may lead to increased daily output and improved resource
utilization, indicating a more efficient production process. Continuously monitoring and ana-
lyzing these metrics enables organizations to make data-driven decisions, optimize production
processes, and achieve operational excellence (He et al., 2018).

Discrete Event Simulation Approach in Manufacturing

Simulation in manufacturing enables precise analysis and optimization of production pro-
cesses, offering a risk-free environment to test various scenarios. A simulation model replicates
real-world systems, allowing experimentation with different variables to predict outcomes
without impacting the actual system (Banks, 1998; de Paula Ferreira et al., 2020). Discrete
Event Simulation (DES) models state changes at specific events, capturing system dynamics
and identifying bottlenecks (De Landtsheer et al., 2016).

DES offers several advantages, including the ability to capture system dynamics, analyze bot-
tlenecks, and experiment with different scenarios to design optimized systems (Mohamad et
al., 2019). For example, DES has been used to optimize job scheduling and buffer sizes in
automobile manufacturing, significantly improving production efficiency (Kang et al., 2019).
DES is effective in answering "what-if" questions, providing a deeper understanding of manu-
facturing processes (Dosi et al., 2023). By modeling different scenarios, DES allows for the
exploration of potential improvements and their impacts on production performance, enabling
data-driven decision-making and continuous process optimization (Brailsford et al., 2014).
DES has broad applications in manufacturing, from optimizing process schedules to assembly
line balancing. It has been successfully used in various industries to enhance production effi-
ciency and reduce bottlenecks (Khedri et al., 2015; Omogbai et al., 2016). For instance, DES
has been applied to semiconductor manufacturing for capacity planning and comparing dis-
patching rules, significantly improving productivity (Diaz et al., 2017).

In lean manufacturing environments, DES is crucial for streamlining operations, analyzing ma-
terial flows, and identifying inefficiencies (Gabriel et al., 2020). The flexibility of DES makes
it a powerful tool for continuous improvement and adaptation to changing production demands
(Alabdulkarim et al., 2014).

Additionally, DES has been utilized in batch process industries to evaluate current operational
states and minimize bottlenecks, leading to more efficient production flows and improved re-
source utilization (Velumani et al., 2017). In the garment industry, DES has helped in optimiz-
ing the layout and scheduling of production processes, significantly reducing downtime and
increasing output (Jung et al., 2022). The summary of the application of DES from previous
studies is presented in Table 1.
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Table 1: Summary of the Application of DES from Previous Studies

Application of DES Study Outcome

Job scheduling and buffer sizes  Kang et al., 2019 Improved production efficiency

optimization in automobile manufacturing

Answering "what-if" questions Dosi et al., 2023 Deeper understanding of pro-

in manufacturing processes cesses and continuous process
optimization

Capacity planning and dispatch-  Diaz et al., 2017 Improved productivity

ing rules comparison in semi-
conductor manufacturing
Streamlining operations and ana- Gabriel et al., 2020 Identified inefficiencies and en-

lyzing material flows in lean hanced production efficiency
manufacturing

Evaluating operational states and Velumani et al., More efficient production flows
minimizing bottlenecks in batch 2017 and improved resource utiliza-
process industries tion

Optimizing layout and schedul-  Jung et al., 2022 Reduced downtime and in-

ing in the garment industry creased output

This literature review highlights the importance of effective production line design and the role
of simulation, particularly DES, in optimizing manufacturing processes. Key principles such
as line balancing, workflow optimization, and the Theory of Constraints are essential for en-
hancing productivity and minimizing inefficiencies. Production line performance metrics like
daily output, waiting time, and resource utilization provide valuable insights into production
efficiency.

Simulation provides a valuable tool for analyzing and improving production systems, offering
a risk-free environment for testing various scenarios. DES, in particular, has proven effective
in addressing bottlenecks, optimizing workflows, and enhancing overall production efficiency
across multiple industries. These concepts are highly relevant to the study's focus on optimizing
air filter manufacturing using DES, providing a robust framework for improving production
line performance and achieving operational excellence.

Methodology

This section details the methods implemented to obtain the results for this study. The method-
ology comprises data collection, steps in model building, model validation, scenario develop-
ment, simulation execution, results analysis, and implementation planning.

Case Company

This case study was conducted with an Air Filter Manufacturing Company based in Johor. The
company has been operating for more than 40 years. This small to medium enterprise (SME)
company is mostly engaged in manufacturing, engineering, and project management.

Based on data provided by the company and semi-structured interviews with the supervisor
and operator, the current production line for air filter parts is not operating efficiently. The
productivity constraints are significant enough that the peak demand of 550 units cannot be
met within the 10-day timeframe during high-order seasons. This limitation prevents the com-
pany from maximizing profits during peak periods. Consequently, there is a pressing need to
optimize the production line to enhance efficiency, meet peak demands, and improve overall
profitability.
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Besides that, the total time taken for each of the processes still needs improvement, as it appears
that they are struggling to achieve the daily target demand. Currently, there are six workstations
on the production line. Some of the tasks required optimization, as there appear to be bottle-
necks. Furthermore, some tasks require attention as the resources are not utilized properly. This
results in a significant amount of waiting time in the process and leads to delays in production
lead time.

In addition, the challenge that the company is facing lies in effectively utilizing resources such
as machinery, labor and materials to ensure smooth workflow continuity. The need for a more
flexible approach in resource management is critical to avoid waste and improve the overall
productivity of the manufacturing process.

Hence, from there, the need for optimization of the workstation layout and process steps is
crucial. This will not only reduce the cycle time and improve the productivity of the production
line but also benefit by increasing the production rate, which could achieve the targeted daily
demand.

The main objective of this study is to enhance the efficiency of the production line of the case
company and will be guided by the following aims, firstly, to develop a discrete event simula-
tion (DES) model of the existing production line, next. to evaluate the current production line
layout and identify inefficiencies or bottlenecks and lastly, to provide recommendations to im-
prove the existing production line.

Data Collection

The simulation method needs actual information to accomplish this study. Thus, this study uses
observation, interviews, and time study to collect all the necessary information. The collected
information is unique data that is specifically relevant to the investigation. The collected data
relates to both time and volume.

Quantitative data collection approach is used to gather a deep understanding and to assist with
research questions. Collecting quantitative information enables researchers to do a wide range
of statistical studies, ranging from basic to highly complex, that combine the data (Ahmad et
al., 2019). Quantitative data collection according to Basias et al. (2018), is a type of research
that uses the methodologies of natural sciences to generate numerical data and concrete facts.
The objective is to establish a causal relationship between two variables using mathematical,
computational, and statistical techniques (Ahmad et al., 2019; Basias et al., 2018; Fellows et
al., 2021).

For data collection, the task is divided into two parts which are primary data collection and
secondary data collection. Primary data is collected by gathering some information about the
production line through semi-structured interviews with the staff in charge. The information
gathered includes some of the components of DES that needed to be included in the simulation
software later. The reason a semi-structured interview is chosen, that the interviewer does not
simply stick to a predetermined list of questions; however, instead of a straight question and
response style, open-ended questions will be used, allowing for a conversation with the inter-
viewee (Snyder, 2019).

The semi-structured interviews aimed to gather detailed insights into the current production
line's operations and inefficiencies. The questions focused on identifying bottlenecks, resource
utilization, and process flow. The interview questions were adapted from existing literature on
production line optimization (Andersson et al, 2013). Below is a sample of the questions used:

1. What are the main bottlenecks in the current production line?

2. How is resource utilization managed in the production process?
3. Can you describe the flow of materials through the production line?

291



E n mn Global Business and Management Research: An International Journal
Vol. 17, No. 1 (2025)

4. What are the current challenges in meeting peak demand?

These questions were tailored to address specific issues within the case company's production
line.

Secondary data refers to information that has been previously gathered by individuals or or-
ganizations and is easily accessible for researchers to utilize in their analysis and findings
(Moser et al., 2018). Document analysis is a method used to obtain secondary data (Snyder,
2019). This data complements the primary data collected through observations and semi-struc-
tured interviews. The secondary data used in this study was obtained from several sources,
including company reports, historical production data, and existing literature on production
line optimization and DES parameters.

The specific types of secondary data used in this study include historical production metrics
such as daily output, machine utilization, and defect rates, which provide a baseline for evalu-
ating current performance. Operational reports from the company detailing past efforts to op-
timize production were also reviewed, along with industry benchmarks and data from previous
research studies. This secondary data was instrumental in establishing a baseline for the pro-
duction line’s current performance, providing context for observed inefficiencies, and offering
reference points for evaluating the effectiveness of proposed optimization scenarios.

The data collected was analyzed to develop a comprehensive understanding of the current pro-
duction line's performance and to identify areas for improvement. Key data items analyzed for
the study, particularly the DES parameters used, are illustrated in Table 2 below:

Table 2: List of Analyzed Data

Data Item Description

1P_:(r)ndeuctlon Cycle Time taken to complete one production cycle

Machine Utiliza- . . .

tion Percentage of time machines are in use

Operator Utiliza- . . .

tion Percentage of time operators are engaged in productive work
Bo'_[tleneck |dentifi- Areas where delays or backups occur

cation

Defect Rates Percentage of products failing quality checks

Fisrs]ources Alloca- Distribution of operators and machines across workstations

For Production Cycle Time, this refers to the total time taken to complete one production cycle,
from the start of the process to the finished product. By understanding how long it takes to
produce a single item, the throughput of the production line and potential delays or inefficien-
cies can be identified.

Machine utilization measures the percentage of time that machines are in use during the pro-
duction process. High machine utilization is a good indicator that the equipment is being used
efficiently, contributing to higher productivity. On the other hand, low machine utilization
might suggest that the machines are often idle, which could be a sign of inefficiencies.

In order to understand how effectively labor is being used in the production process, operator
utilization is analyzed. This data measures the percentage of time that operators are engaged in
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productive work. If operator utilization is high, it means that workforce is being used effi-
ciently, with minimal idle time. In contrast, low utilization could indicate that workers are fre-
quently waiting for tasks or equipment, suggesting potential inefficiencies in workflow.
Identifying bottlenecks involves finding stages in the production process where delays or back-
ups occur. Bottlenecks are critical points that can significantly slow down the entire production
line. By pinpointing these areas, we can focus on specific process improvements to alleviate
the bottlenecks and enhance overall throughput. For example, if a particular workstation con-
sistently has a queue of work-in-progress items, it might be a bottleneck that needs to be ad-
dressed.

The defect rate measures the percentage of products that fail quality checks and are rejected.
High defect rates indicate quality control issues, which can lead to increased waste and higher
production costs. By analyzing defect rates, we can identify areas where the production process
may be prone to errors or inconsistencies. Reducing defect rates is crucial for improving prod-
uct quality, reducing waste, and lowering costs associated with rework or scrap.

Resource allocation involves the distribution of operators and machines across different work-
stations. Effective resource allocation ensures that workloads are balanced, minimizing idle
time and maximizing productivity. By analyzing how resources are allocated, we can identify
if certain workstations are overburdened while others are underutilized. Adjusting resource
allocation can help create a more balanced and efficient production process.

Component of Discrete Event Simulation

DES is one in which the physical system's state changes discretely at random time intervals
(Rouabah, 2023). Events are discrete variables of time that frequently occur at random time
points in the discrete-time system (Landtsheer et al., 2016). Author Brailsford et al. (2014),
stated that activity diagrams or flowcharts of events are more suitable for representing the dy-
namic properties of the system rather than relying on mathematical equations like differential
equations. Hence, the primary objective of discrete event system simulation is the examination
of the statistical properties presented by system events. For instance, the quantity of products
in a queue awaiting a quality check can be regarded as a state variable, whereas a product that
is entering or exiting the line can be seen as an event (Costa et al., 2017).

To build a DES model some components are important and must be included in the model.
Components of DES refer to the basic conceptual building blocks of the model. Table 3 below
illustrates the components of the DES model, each with its description.
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Table 3: List of Components of Discrete Event Simulation (Scheidegger et al., 2018)
Item Description

Entities Give details of all objects within the simulation, including a description of
their role in the model and a description of all their attributes

Activities  provide details of entity routing into and out of the activity

Resources List all the resources included within the model and which activities make use
of them.

Queues Give details of the assumed queuing discipline used in the model (e.g., First in
First Out, Last in First Out, prioritisation, etc.). Where one or more queues
have a different discipline from the rest, provide a list of queues, indicating the
queuing discipline used for each. If reneging, baulking, or jockeying occur,
provide details of the rules. Detail any delays or capacity constraints on the

queues
Entry/ Give details of the model boundaries, i.e., all arrival and exit points of entities.
Exit Detail the arrival mechanism (e.g., “thinning” to mimic a non-homogeneous
points Poisson process or baulking)

Table 3 shows that DES is made up of several important parts that work together to describe
and assess complicated systems. To begin, entities are the simulation's main objects. They stand
for things like goods, customers, and tools. Each entity in the model has roles and attributes
that determine how it acts and interacts with other entities. This replicates how real-life entities
go through different steps and processes. Next, actions are the things that entities do or the
steps they take. These actions describe how things get into and out of jobs. They are based on
real-world operations such as manufacturing steps, inspections, or service processes. Re-
sources, such as the tools, machines, or workers needed to do tasks, are another important fac-
tor. The simulation makes a list of all the resources and the tasks that go with them. This shows
how the resources are used and points out any potential bottleneck. Queues are the lines of
people waiting to do things. There are different ways to use queues, such as First In, First Out
(FIFO) or priority. Queues also consider rules like reneging or baulking to follow through, as
well as any delays or limits on capacity. Lastly, entry and exit places set the limits of the model
by showing where things come into and go out of the system and the rules that control these
changes, like arrival processes or exit conditions. When put together, these parts make an ac-
curate and dynamic simulation model that can be used to study and reflect real-world systems.

Steps in Simulation

DES usually models queuing systems as they progress through time, describing entities (peo-
ple, products, material, etc.) moving through a network of queues and activities and using lim-
ited resources during activities (Gabriel et al., 2020; Kuncova et al., 2018; Velumani et al.,
2017a). A DES model was developed based on the statistical parameters and characteristics of
the Production Line 1 Layout in an air filter manufacturing company. When developing a sim-
ulation methodology, especially a DES model, the building process can be first divided into
seven phases as stated by (Centeno et al., 2001). The following flowchart shows the step-by-
step process in Simulation modelling.
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Figure 1: Simulation Modeling Process
Source: Centeno et al. (2001)

Figure 1 shows the flow chart of the steps in building the simulation model. Early in the pro-
cess, the problem situation and the project description were analyzed and broken down to
achieve a uniform understanding. This initial analysis involved studying the combination of
data collected through interviews with company staff, which helped to identify key inefficien-
cies such as bottlenecks, high defect rates, and suboptimal resource utilization in the production
line.

Once the problems were identified, it was crucial to establish the objectives of the study to
guide the research process. The main objectives included improving production efficiency, re-
ducing waiting times, and lowering defect rates. These objectives were designed to address the
specific issues identified in the initial analysis and to enhance the overall performance of the
production line.

The next phase involved collecting data necessary for developing a simulation model. Through
direct observation, the researcher gathered information on the existing system's operations, in-
cluding process flow, cycle times, and resource allocation. Additionally, interviews with the
operator in charge provided deeper insights into the problems and the flow of the production
process. It was ensured that all collected data aligned with the stated objectives. If discrepancies
were found, the objectives were refined to better match the actual system requirements.
Following data collection, a detailed formulation of the air filter manufacturing process was
carried out. Key stages such as raw material preparation, assembly, testing, and packaging were
identified. Each stage was defined as an event with specific start and end points. This detailed
breakdown was essential for creating an accurate and comprehensive simulation model.

Simulation Software

The simulation software used for this study is ARENA simulation software, which includes the
OptQuest optimization engine. OptQuest is a powerful optimization tool that employs ad-
vanced algorithms such as scatter search and tabu search to find the best possible solutions
based on the defined objectives and constraints. The data collected will be modelled into the
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software and then analyzed so that the current production line process can be evaluated. Any
inefficiencies and bottlenecks are analyzed by using reports generated from the software so
that further process improvement can be made. Some of the modules that were used are Create,
Process, Decide, Record and Dispose module.

Validation and Verification

In the next step, the following stage entails the verification and validation of the model. The
goal of model verification and validation is to ascertain if the simulation model accurately rep-
resents the real system (Djamali, 2018). Next, it is necessary to verify whether the outcomes of
the model align with the company's data. To get an effective solution for the simulation exper-
iment that optimizes the productivity of the production process, it is essential to incorporate
precise details regarding the conducted tests, which may entail statistical analysis or expert
evaluation (Centeno et al., 2001).

To verify, the simulation software Arena was utilized to illustrate that the movement of entities
corresponds to the flow of parts in the production line. A simulation model is an accurate de-
piction of a real system, specifically designed to accurately mimic the behavior of the actual
system. This can be accomplished by employing expert judgement. In this scenario, the simu-
lation model will be provided to the interviewee for validation of its appropriateness.

Model validation involves evaluating the statistical accuracy of the simulation model's output
by comparing it to the output of the real system. If there are no statistically significant dispari-
ties between the data sets, then the model is valid. Conversely, if there is a difference of statis-
tical significance, it suggests that the model is invalid and further investigation is necessary
before proceeding with any additional research.

This research complies to the parameters outlined by author Djamali (2018) for the purpose of
validation. The author suggests that the Mean Absolute Percentage Error (MAPE) test might
be utilized as a validation method to compare the performance of a model with that of a real
system. MAPE is a relative measure that quantifies percentage error. This test can be utilized
to determine the compatibility between the estimated outcome and the real data. The formula-
tion is as follows:

1 Simulation Output—Actual Output

no.of Replication Actual Output X 100% equatlon (1)
The accuracy of the simulation model was evaluated using the Mean Absolute Percentage Error
(MAPE) test. The criteria for assessing the modeling accuracy based on MAPE are as follows:
a MAPE value less than 5% indicates that the model is very accurate, a MAPE value between
5% and 10% signifies that the model is accurate, and a MAPE value greater than 10% suggests
that the model is not accurate.
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Figure 4: Scenario 1’s optimization model
Source: Author’s own work

Figure 4 illustrates Scenario 1 which involves optimizing process relative to the base case. In
this scenario, the machine operates continuously for 24 hours, producing batches of pleated
media intended for the main process. The primary objective of this scenario is to alleviate the
bottleneck in the Media Pleating Process Queue and enhance overall production efficiency by
expanding the capacity of the Media Pleating Process. This strategic adjustment aims to reduce
waiting times and streamline workflow, leading to improved production outcomes.
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Figure 5: Scenario 2’s optimization model
Source: Author’s own work

Figure 5 presents Scenario 2, which builds upon the optimizations from Scenario 1 relative to
the base case. In this scenario, the improvements from Scenario 1 are maintained, and an in-
process quality inspection is integrated into the workflow. The primary objective is to reduce
the number of rejected parts and increase the production of quality units. This adjustment ad-
dresses the issue identified in the base case, where most rejected units were due to inconsist-
encies, cracks, and tears in the pleated media occurring during the Media Pleating Process.
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Figure 6 depicts the model for Scenario 3, which retains the modifications from Scenario 2 but
includes additional workstations and a reallocation of operators. The primary aim of this sce-
nario is to balance the production line, ensuring optimal utilization of operators to minimize
waste and enhance overall efficiency. This strategic adjustment is intended to increase the num-
ber of outputs generated, thereby improving the production process's effectiveness and produc-
tivity.
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Findings and Discussions

Media Pleating Process

Gluing Process (faceguard
and gluebit)

Assembling and gluing
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Finishing Process

Fail

Quality
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Pass

Figure 2: Process Flow of Production Line 1
Source: Author’s own work

Figure 2 illustrates the complete manufacturing process of a cartridge designed for placement
into an air filter device. The first stage entails utilizing a Media Pleating Machine to fold the
media paper into a zigzag pattern. Following that, the media is fragmented into tiny fragments
and later affixed to the faceguard, which constitutes the second phase of the technique. Con-
tinuing to the third stage, the media is then adhered to its frame and let to rest for the adhesive
to harden. In the fourth phase, the inner sloping, inner base, and outer sloping surface are ad-
hered together to securely attach the media structure to the frame. The procedure was carried
out using a mechanized appendage. The last stage entails the completion procedure, which
includes the removal and cleansing of any surplus adhesive and adhesive residue, as well as
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the application of labels, among other tasks. Afterwards, the components undergo inspection
at the Quality Control station to detect any possible faults. If any components are discovered,
they should be stored in the designated area for rejected items for further analysis to see if the
product may be repaired. If not, it must be discarded. Parts that do not have any flaws are sent
to the packaging stage for additional processing in later stages of manufacturing.

Figure 3: Manufacturing Process of Production Line 1 using Arena Simulation Software
Source: Author’s own work

Figure 3 shows the process which had been modelled in the simulation software, known as
base case. In the base case, the production line achieved an average output of 19 units with an
average waiting time of approximately 3.282 hours across the entire production process. The
number of rejected units averaged 3.65 per run. The model was executed for 20 replications,
each with a duration of 10 hours, aligning with the daily working time, which includes a one-
hour break. Analysis identified the Media Pleating Process as the primary bottleneck due to its
high waiting times and the significant number of entities queuing in this process.
For validation, the Mean Absolute Percentage Error (MAPE) was calculated using the actual
real-life output of 35 units per day. The MAPE was found to be 2.28% indicating a very accu-
rate comparison between the simulation model and real-life performance considering the
MAPE is below 5%. This low MAPE value supports the model's accuracy in predicting the
production system's performance.
For verification, face validation was performed by consulting with experts, in this case the
production managers and operator, and comparing model behavior against expectations and
real-world operations. The experts confirmed that the model accurately represents the produc-
tion processes, reinforcing its credibility.
The study aimed to optimize the production line layout in a manufacturing company using
DES. Three scenarios were tested against the base case to identify improvements in output,
waiting times, and resource utilization. The description of scenarios are as follows:

1. Scenario 1: Optimization by Running Machine for 24 Hours and Adding In-Process

Quality Inspection
2. Scenario 2: Optimization by Running Machine for 24 Hours, Addition of In-Process
Quality Inspection and Implementation of Drying Rack.
3. Scenario 3: Optimization by Adding Workstations and Allocation of Operators.
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Table 5 shows the output comparison between Base Case and all Scenarios. Eighteen perfor-
mance measurements or metrics are used to compare the base case, Scenario 1, Scenario 2 and
Scenario 3. These metrics are shown in Table 4 below:

Table 4: List of Key Performance Metrics Evaluated

Key Metrics Description
Daily Output measures the total number of units produced in a day.
Waiting Time measures the duration that products spend idle at various stages in

the production process.
Resources Utiliza-  evaluates the effective use of production resources, including ma-
tion chines, equipment, and operators.
Defect Rates measures the percentage of products that fail to meet quality stand-
ards and are rejected during the production process.

The key metrics used in this study provide a comprehensive evaluation of the production line’s
performance. The daily output measures the total number of units produced in a day, offering
insight into the production capacity and efficiency. High daily output indicates that the produc-
tion line is functioning well and meeting production targets, while low output may signal inef-
ficiencies or bottlenecks that need to be addressed. Waiting time measures the duration that
products spend idle at various stages in the production process. Excessive waiting times can
lead to delays in the production schedule, increased lead times, and higher operational costs.
Reducing waiting time is essential for improving overall production efficiency and ensuring
timely delivery of products.

Resource utilization evaluates the effective use of production resources, including machines,
equipment, and operators. This metric is often expressed as a percentage and includes sub-
metrics such as machine utilization (percentage of time machines are in use) and operator uti-
lization (percentage of time operators are engaged in productive work). High resource utiliza-
tion indicates that resources are being used efficiently, while low utilization may suggest un-
derutilization or inefficiencies in the production process. The defect rate measures the per-
centage of products that fail to meet quality standards and are rejected during the production
process. A high defect rate indicates quality control issues and can lead to increased costs due
to rework and wasted materials. Reducing the defect rate is crucial for improving product qual-
ity and minimizing production costs.

Table 5: Comparison Key Metrics across Scenarios

Metrics Base Case Scenariol Scenario2 Scenario 3
Number Out 19 28 27 31
Pass Quality Check (unit) 15 22 25 29
Rejects (unit) 3 5 1 1
Value-added Time (Hour) 1.4860 1.213 1.296 1.163
Non-Value-Added Time (Hour) 1.0938 1.0938 1.0938 0.2680
Wait Time (Hour) 3.283 3.976 4.598 5.839
Media Pleating Process Queue

Waiting Time (Hour) 4.4077 3.3591 0.7035 0.7025
Media Pleating Process Queue 541821 26500 53933 54067
Number Waiting

Media Pleating Machine Utilization 1.0000 1.0000 1.0000 1.0000

301



E n mn Global Business and Management Research: An International Journal
Vol. 17, No. 1 (2025)

Operator 1 Utilization 1.000 0.158 0.159 0.481
Operator 2 Utilization 0.229 0.537 0.538 0.847
Operator 3 Utilization 0.436 0.890 0.889 0.890
Operator 4 Utilization 0.436 0.890 0.889 0.890
Operator 5 Utilization 0.466 0.854 0.855 0.726
Operator 6 Utilization 0.584 0.832 0.840 0.828
Operator 7 Utilization 0.213 0.328 0.327 0.477
Operator 8 Utilization 0.527 0.700 0.701 0.730
Robot Arm Utilization 0.548 0.832 0.840 0.885

Table 5 shows the output comparison between Base Case and all Scenarios. The findings reveal
significant improvements in the production line's performance across all scenarios compared
to the base case. Each scenario demonstrated different aspects of optimization and their impact
on output, waiting times, and resource utilization.

In Scenario 1, the continuous operation of the pleating machine resulted in a substantial in-
crease in output, underscoring the importance of maximizing machine uptime to boost produc-
tion. However, the increased waiting times indicate the creation of bottlenecks in subsequent
processes, highlighting the need for a balance between machine utilization and process
flow(Teshome et al., 2024).

Scenario 2 showed that integrating in-process quality inspections and using a drying rack can
effectively reduce the number of rejected units while maintaining high output levels. This high-
lights the value of incorporating quality control measures throughout the production process
rather than relying solely on end-of-line inspections.

In Scenario 3, the integration of additional workstations and resource reorganization led to the
highest observed output in the study. Figure 7 illustrates a bar chart comparison of Resource
Utilization Percentage across all models, demonstrating that Scenario 3 achieved high and bal-
anced resource utilization compared to the other scenarios and the base case. Although this
scenario resulted in the highest average waiting times, the trade-off indicates that prioritizing
overall system throughput may be more advantageous, depending on specific production goals
(Wang et al., 2018).

Upon analyzing the simulation results, it was observed that the "Wait Time (Hour)" in Scenario
3 was the highest among all scenarios, including the base case. Several factors contributed to
this outcome. Scenario 3 involved adding workstations and reallocating operators to improve
overall production efficiency and resource utilization. While these changes successfully in-
creased daily output and reduced bottlenecks in certain areas, they also introduced new com-
plexities and dependencies in the production process.

One of the primary reasons for the increased wait time is the introduction of additional work-
stations. While adding workstations can help distribute the workload more evenly, it can also
create new points of congestion if not managed properly. In Scenario 3, the addition of new
workstations led to increased interdependencies between different stages of the production pro-
cess. This, in turn, caused delays at various points, as items had to wait longer to be processed
by subsequent workstations.

Moreover, reallocating operators to different tasks and stations can sometimes lead to ineffi-
ciencies if the new allocation is not perfectly optimized. In Scenario 3, the reallocation of op-
erators, while intended to balance the workload, may have resulted in certain stations being
understaffed at critical times, further contributing to increased wait times.
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Additionally, the complexity of managing a more extensive and interdependent production
process can lead to increased coordination and communication challenges, which might not
have been fully captured and optimized in the simulation model. These challenges can manifest
as longer wait times, as the system adapts to the new configuration.

One of the most striking results from the analysis was the significant drop in the "Media Pleat-
ing Process Queue Number Waiting," which fell from 54.2 in the initial setup to just 5.4 in the
improved scenario. This notable change deserves closer examination to understand what
caused it and to ensure its accuracy.

Several factors likely contributed to this reduction. First, improvements in how resources were
allocated and how workflows were managed led to a smoother and faster production process.
By adding more workstations and reassigning tasks to operators, the workload was spread more
evenly, which helped reduce the number of items piling up in the media pleating stage.
Additionally, incorporating quality checks during the process allowed for earlier identification
and fixing of issues. This proactive approach to quality control likely prevented defects and
reduced the need for rework, thereby decreasing the number of items waiting in the queue.
However, the extent of this reduction also raises questions about the accuracy of the model. To
address this concern, the model's output was thoroughly reviewed and compared with historical
data, and the findings were discussed with company staff to ensure they accurately represented
the real-world system. Consistent results across multiple tests further support the reliability of
these findings.

It's also helpful to note that similar improvements have been reported in other studies. For
example, Jain et al., (2020), observed a significant decrease in queue numbers in entities pass-
ing through process in airports after similar adjustments. These findings suggest that the reduc-
tion in the media pleating process queue is a likely outcome of the changes implemented.

The pleating machine's full utilization in all scenarios underscores its critical role in the pro-
duction line. Ensuring that this key resource operates at maximum capacity is essential for
achieving high output levels. Efficient resource allocation and reorganization in Scenario 3
demonstrated that strategic adjustments to the production layout could enhance overall system
performance without sacrificing quality as stated by authors Chouba et al. (2022) in the study
of optimization of resource in hospital through DES.

Comparison of Resource Wilisation Across Scenarios
Utilization Fercentages (%)

[ Operator 1.Utilization
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Figure 7: Comparison of Resource Utilization
Conclusion and Recommendation

The study successfully identified and addressed significant bottlenecks in the manufacturing
process of B Cartridge F8 air filter cartridges on Production Line 1 and successfully modelled
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in Arena simulation software with MAPE result of under 5%. Through the application of Dis-
crete Event Simulation (DES), three improvement scenarios were evaluated to enhance pro-
duction efficiency. Scenario 1, which involved running the pleating machine overnight, re-
sulted in a 47.37% increase in daily output. Scenario 2 further improved efficiency by incor-
porating in-process quality inspections, and drying racks, yielding a 42.7% increase in output,
however 18% higher in quality.

Based on the comprehensive analysis of all scenarios, Scenario 3 is recommended for imple-
mentation. This scenario incorporates the improvements from Scenario 2, including continuous
operation of the pleating machine and in-process quality inspections, while adding new work-
stations and reallocating operators for optimal resource utilization.

Scenario 3 demonstrated the highest output, achieving units per day, which marks a 63.17%
increase compared to the base case. This scenario also maintained a low reject rate of 1.65
units, ensuring high product quality. The strategic addition of workstations and reallocation of
operators effectively balanced the production line, minimizing waste and enhancing efficiency.
Consequently, the company can easily meet its highest demand of 550 units, which needs to be
achieved within 10 days. This scenario illustrates how optimized resource utilization and work-
flow adjustments can significantly boost both production capacity and quality.
Scenario 3, while effective in increasing overall production output and reducing certain bottle-
necks, resulted in the highest wait times among all scenarios. This outcome highlights the com-
plexities and potential trade-offs involved in optimizing production processes. The introduction
of additional workstations and the reallocation of operators, while beneficial in many aspects,
also introduced new interdependencies and coordination challenges that contributed to in-
creased wait times. These findings underscore the importance of a balanced approach when
implementing changes in production systems, ensuring that improvements in one area do not
inadvertently cause inefficiencies in another. Future efforts should focus on fine-tuning the
allocation of resources and managing interdependencies to minimize wait times while maxim-
izing overall efficiency.

Making strategic adjustments in resource management and workflow can significantly improve
production efficiency and quality. One of the most remarkable outcomes was the reduction in
the "Media Pleating Process Queue Number Waiting" from 54.2 to 5.4, achieved through better
resource allocation and proactive quality checks. This substantial improvement highlights the
potential benefits of optimization in reducing inefficiencies and enhancing overall production
performance. Future efforts should continue to focus on refining production processes to main-
tain and build on these improvements.

While Scenario 3 offers several benefits, such as increased production capacity and improved
resource utilization, it also comes with notable disadvantages. The increased wait times and
coordination challenges highlight the complexity of optimizing production processes. Addi-
tionally, higher initial costs and the need for training and maintenance can pose significant
challenges. Balancing these advantages and disadvantages is crucial for achieving sustainable
improvements in production efficiency.

In conclusion, adopting the recommended improvements will not only enhance the production
line's efficiency but also ensure the company's competitive edge in the market by consistently
meeting high customer demands and facilitating future growth.

Acknowledgement

This work was supported by the UMPSA Social Science Research Grant [grant number
RDU233407]

304



E n mn Global Business and Management Research: An International Journal
Vol. 17, No. 1 (2025)

References

Abu, F., Gholami, H., Mat Saman, M. Z., Zakuan, N., & Streimikiene, D. (2019). The imple-
mentation of lean manufacturing in the furniture industry: A review and analysis on the
motives, barriers, challenges, and the applications. Journal of Cleaner Production, 234,
660-680. https://doi.org/10.1016/j.jclepro.2019.06.279

Ahmad, S., Wasim, S., Irfan, S., Gogoi, S., Srivastava, A., & Farheen, Z. (2019). Qualitative
v/s. Quantitative Research- A Summarized Review. Journal of Evidence Based Medicine
and Healthcare, 6(43), 2828-2832. https://doi.org/10.18410/jebmh/2019/587

Alabdulkarim, A. A., Ball, P. D., & Tiwari, A. (2014). Influence of resources on maintenance
operations with different asset monitoring levels: A simulation approach. Business Pro-
cess Management Journal, 20(2), 195-212. https://doi.org/10.1108/BPMJ-12-2012-0135

Andersson, J., & Danielsson, M. (2013). Analysis of System Losses Capacity Study at Volvo
Cars Torslanda. CHALMERS UNIVERSITY OF TECHNOLOGY Gothenburg, Sweden.

Banks, J. (1998). Handbook of Simulation: Principles, Methodology, Advances, Applications,
and Practice. Journal of Manufacturing Systems, 380-381.

Barrera Diaz, C., Oscarsson, J., Lidberg, S., & Sellgren, T. (2017). A study of discrete event
simulation project data and provenance information management in an automotive man-
ufacturing plant. 4012—4023. https://doi.org/10.1109/WSC.2017.8248110

Basias, N., & Pollalis, Y. (2018). Quantitative and Qualitative Research in Business & Tech-
nology: Justifying a Suitable Research Methodology. http://buscompress.com/journal-
home.html

Boysen, N., Schulze, P., & Scholl, A. (2022). Assembly line balancing: What happened in the
last fifteen years? In European Journal of Operational Research (Vol. 301, Issue 3, pp.
797-814). Elsevier B.V. https://doi.org/10.1016/j.ejor.2021.11.043

Brailsford, S., Churilov, L., & Dangerfield, B. (2014). Discrete-event simulation and system
dynamics for management decision making. John Wiley & Sons.

Calzavara, M., Battini, D., Bogataj, D., Sgarbossa, F., & Zennaro, 1. (2020). Ageing workforce
management in manufacturing systems: state of the art and future research agenda. Inter-
national Journal of Production Research, 58(3), 729-747.
https://doi.org/10.1080/00207543.2019.1600759

Centeno, M. A., & Carrillo, M. (2001). Proceedings of the 2001 Winter Simulation Conference
Challenges Of Introducing Simulation As A Decision-Making Tool.

Chouba, I., Amodeo, L., Arbaoui, T., Yalaoui, F., Laplanche, D., & Sanchez, S. (2022). Opti-
mization of French Hospital Department Activities Using an Efficient Discrete Event Sim-
ulation Model. Applied Sciences (Switzerland), 12(19).
https://doi.org/10.3390/app12199498

Costa, L., Lucio, W., da Silva, A., & Ferreira, W. (2017). Discrete simulation applied to the
production process of electronic components. Independet Journal of Management & Pro-
duction (IJM&P), 8, 596. https://doi.org/10.14807/ijmp.v8i5.603

Dalenogare, L. S., Benitez, G. B., Ayala, N. F., & Frank, A. G. (2018). The expected contribu-
tion of Industry 4.0 technologies for industrial performance. International Journal of Pro-
duction Economics, 204, 383-394. https://doi.org/10.1016/j.ijpe.2018.08.019

De Landtsheer, R., Ospina, G., Massonet, P., Ponsard, C., Printz, S., Hartel, L., & Von Cube,
J. P. (2016). A discrete event simulation approach for quantifying risks in manufacturing
processes. ICORES 2016 - Proceedings of the 5th International Conference on Operations
Research and Enterprise Systems, 313-322. https://doi.org/10.5220/0005752403130322

305



E n mn Global Business and Management Research: An International Journal
Vol. 17, No. 1 (2025)

de Paula Ferreira, W., Armellini, F., & De Santa-Eulalia, L. A. (2020). Simulation in industry
4.0: A state-of-the-art review. Computers and Industrial Engineering, 149.
https://doi.org/10.1016/j.cie.2020.106868

Djamali, R. A. (2018). J.Basic.Appl.Sci.Res.816-112018-AbdoelDjamalil.

Dosi, C., lori, M., Kramer, A., & Vignoli, M. (2023). Successful implementation of discrete
event simulation: integrating design thinking and simulation approach in an emergency
department. Production Planning &  Control, 34(13), 1233-1247.
https://doi.org/10.1080/09537287.2021.1996651

ElMaraghy, H., Schuh, G., ElImaraghy, W., Piller, F., Schénsleben, P., Tseng, M., & Bernard,
A. (2013). Product variety management. CIRP Annals - Manufacturing Technology,
62(2), 629-652. https://doi.org/10.1016/j.cirp.2013.05.007

Erik, A., & Kuvvetli, Y. (2021). Integration of material handling devices assignment and facil-
ity layout problems. Journal of Manufacturing Systems, 58, 59-74.
https://doi.org/10.1016/j.jmsy.2020.11.015

Eriksson, J. (2020). Application of assembly line balancing in manufacturing industry A case
study on assembly line productivity.

Fellows, R., & Liu, A. (2021). Research Methods for Construction Fourth Edition (4th Edi-
tion). John Wiley & Sons, Ltd.

Fragapane, G., de Koster, R., Sgarbossa, F., & Strandhagen, J. O. (2021). Planning and control
of autonomous mobile robots for intralogistics: Literature review and research agenda. In
European Journal of Operational Research (Vol. 294, Issue 2, pp. 405-426). Elsevier
B.V. https://doi.org/10.1016/j.ejor.2021.01.019

Gabriel, G. T., Campos, A. T., Magacho, A. de L., Segismondi, L. C., Vilela, F. F., de Queiroz,
J. A., & Montevechi, J. A. B. (2020). Lean thinking by integrating with discrete event
simulation and design of experiments: an emergency department expansion. PeerJ
Computer Science, 6, €284. https://doi.org/10.7717/peerj-cs.284

Galvéo Scheidegger, A. P., Fernandes Pereira, T., Moura de Oliveira, M. L., Banerjee, A., &
Barra Montevechi, J. A. (2018). An introductory guide for hybrid simulation modelers on
the primary simulation methods in industrial engineering identified through a systematic
review of the literature. Computers and Industrial Engineering, 124, 474-492.
https://doi.org/10.1016/j.cie.2018.07.046

Gundogar, E., Sari, M., & Kokcam, A. H. (2016). Dynamic bottleneck elimination in mattress
manufacturing  line  using theory of constraints.  SpringerPlus,  5(1).
https://doi.org/10.1186/s40064-016-2947-1

Hamzah, I. S., Ridhwan Sarifin, M., Shamsinor, M., Aziz, A., Fakhrul, M., Abdullah, A., &
Pendidikan, U. (2020). MALAYSIA AS ATTRACTION OF INTERNATIONAL FOREIGN
WORKERS. https://doi.org/10.31838/jcr.07.08.171

Hardcopf, R., Liu, G. (Jason), & Shah, R. (2021). Lean production and operational perfor-
mance: The influence of organizational culture. International Journal of Production Eco-
nomics, 235. https://doi.org/10.1016/j.ijpe.2021.108060

He, Q. P., & Wang, J. (2018). Statistical process monitoring as a big data analytics tool for
smart manufacturing. Journal of Process Control, 67, 35-43.
https://doi.org/10.1016/j.jprocont.2017.06.012

Hidayat, L., Molina, P., & Gunawan, F. E. (2014). Application of Discrete-Event Simulation
to Increase Machine Availability-A Case Study in Cigarette Filter Manufacturing. In
2014.

Hui Lim, C., & Ban Teoh, K. (2021). Factors influencing the SME business success in Malay-
sia. Annals of Human Resource Management Research, 1(1), 41-54.
https://doi.org/10.35912/ahrmr.v1i1.380

306



E n mn Global Business and Management Research: An International Journal
Vol. 17, No. 1 (2025)

Incekara, M. (2022). Determinants of process reengineering and waste management as resource
efficiency practices and their impact on production cost performance of Small and Me-
dium Enterprises in the manufacturing sector. Journal of Cleaner Production, 356.
https://doi.org/10.1016/j.jclepro.2022.131712

Jain Rishabh and Bedekar, H. and J. K. and V. K. E. K. and V. K. M. (2020). Analysis and
Optimization of Queueing Systems in Airports—Discrete Event Simulation. In K. K. and
K. P.V.andJ. X. Voruganti Hari Kumar and Kumar (Ed.), Advances in Applied Mechan-
ical Engineering (pp. 1189-1194). Springer Singapore.

Jung, W.-K., Kim, H., Park, Y.-C., Lee, J.-W., & Suh, E. S. (2022). Real-time data-driven
discrete-event simulation for garment production lines. Production Planning & Control,
33(5), 480-491. https://doi.org/10.1080/09537287.2020.1830194

Kaasinen, E., SchmalfuR, F., Ozturk, C., Aromaa, S., Boubekeur, M., Heilala, J., Heikkila, P.,
Kuula, T., Liinasuo, M., Mach, S., Mehta, R., Petdj4, E., & Walter, T. (2020). Empower-
ing and engaging industrial workers with Operator 4.0 solutions. Computers and Indus-
trial Engineering, 139. https://doi.org/10.1016/j.cie.2019.01.052

Kan Wu, M. Z., & Shen, Y. (2020). A generalization of the Theory of Constraints: Choosing
the optimal improvement option with consideration of variability and costs. IISE Trans-
actions, 52(3), 276-287. https://doi.org/10.1080/24725854.2019.1632503

Kang, P. S., & Bhatti, R. S. (2019). Continuous process improvement implementation frame-
work using multi-objective genetic algorithms and discrete event simulation. Business
Process Management Journal, 25(5), 1020-1039. https://doi.org/10.1108/BPMJ-07-
2017-0188

Kang, Z., Catal, C., & Tekinerdogan, B. (2020). Machine learning applications in production
lines: A systematic literature review. In Computers and Industrial Engineering (\Vol. 149).
Elsevier Ltd. https://doi.org/10.1016/j.cie.2020.106773

Kapoor, K., Bigdeli, A. Z., Dwivedi, Y. K., & Raman, R. (2021). How is COVID-19 altering
the manufacturing landscape? A literature review of imminent challenges and manage-
ment interventions. Annals of Operations Research. https://doi.org/10.1007/s10479-021-
04397-2

Khalid, M. N. A., & Yusof, U. K. (2021). Incorporating shifting bottleneck identification in
assembly line balancing problem using an artificial immune system approach. Flexible
Services and Manufacturing Journal, 33(3), 717-749. https://doi.org/10.1007/s10696-
020-09389-1

Khedri Liraviasl, K., El Maraghy, H., Hanafy, M., & Samy, S. N. (2015). A framework for
modelling reconfigurable manufacturing systems using hybridized Discrete-Event and
Agent-based simulation. IFAC-PapersOnLine, 28(3), 1490-1495.
https://doi.org/10.1016/j.ifacol.2015.06.297

Kiran, D. R. (2019). Sequencing and line balancing. In Production Planning and Control (pp.
345-356). Elsevier. https://doi.org/10.1016/b978-0-12-818364-9.00024-x

Konur, S., Lan, Y., Thakker, D., Morkyani, G., Polovina, N., & Sharp, J. (2023). Towards
design and implementation of Industry 4.0 for food manufacturing. Neural Computing
and Applications, 35(33), 23753-23765. https://doi.org/10.1007/s00521-021-05726-z

Kuncova, M., & Zajoncova, M. (2018). Discrete event simulation usage to model and optimize
the production line. MM Science Journal, 2018(March), 2325-2332.
https://doi.org/10.17973/MMSJ.2018_03_2017117

Lakho, T. H., Khan, M. A,, Virk, S. I., & Indher, A. A. (2020). Implementation of Overall
Equipment Effectiveness (OEE) in Maintenance Management. Proceedings of the Inter-
national Conference on Industrial Engineering and Operations Management, 7—10.

307



E n mn Global Business and Management Research: An International Journal
Vol. 17, No. 1 (2025)

Lucas Martins Ikeziri Fernando Bernardi de Souza, M. C. G., & de Camargo Fiorini, P. (2019).
Theory of constraints: review and bibliometric analysis. International Journal of Produc-
tion Research, 57(15-16), 5068-5102. https://doi.org/10.1080/00207543.2018.1518602

Mahesh Gupta Abhijeet Digalwar, A. G., & Goyal, A. (2024). Integrating Theory of Con-
straints, Lean and Six Sigma: a framework development and its application. Production
Planning & Control, 35(3), 238-261. https://doi.org/10.1080/09537287.2022.2071351

Mahesh Gupta, H.-J. K., & Min, H. (2002). TOC-based performance measures and five focus-
ing steps in a job-shop manufacturing environment. International Journal of Production
Research, 40(4), 907—-930. https://doi.org/10.1080/00207540110097185

Mohamad, F., & Filza Saharin, S. (2019). Application of Discrete Event Simulation (DES) for
Queuing  System  Improvement at Hypermarket. KnE Social  Sciences.
https://doi.org/10.18502/kss.v3i22.5059

Moser, A., & Kaorstjens, I. (2018). Series: Practical guidance to qualitative research. Part 3:
Sampling, data collection and analysis. In European Journal of General Practice (\Vol.
24, Issue 1, pp. 9-18). Taylor and Francis Ltd.
https://doi.org/10.1080/13814788.2017.1375091

Omogbai, O., & Salonitis, K. (2016). Manufacturing System Lean Improvement Design Using
Discrete Event Simulation. Procedia CIRP, 57, 195-200.
https://doi.org/10.1016/j.procir.2016.11.034

Patale, G., Turukmane, R., Gulhane, S., Kolte, P., & Gupta, K. (2021). Causes of machine
down time and its impact on Nylon manufacturing process. Man-Made Textiles in India,
49, 158-160.

Rajini, J., Nagaraju, D., & Narayanan, S. (2018). Integration of lean, Six Sigma and theory of
constraints for productivity improvement of mining industry. International Journal of
Productivity and Quality Management, 24(3), 424-440.
https://doi.org/10.1504/1JPQM.2018.092986

Rouabah, Y., & Li, Z. (2023). The Unfolding: Origins, Techniques, and Applications within
Discrete Event Systems. In Mathematics (Vol. 11, Issue 1). MDPI.
https://doi.org/10.3390/math11010047

Snyder, H. (2019). Literature review as a research methodology: An overview and guidelines.
Journal of Business Research, 104, 333-330.
https://doi.org/10.1016/j.jbusres.2019.07.039

Tay, S. I, Alipal, J., & Lee, T. C. (2021). Industry 4.0: Current practice and challenges in
Malaysian manufacturing firms. Technology in Society, 67. https://doi.org/10.1016/j.tech-
50c.2021.101749

Teshome, M. M., Meles, T. Y., & Yang, C. L. (2024). Productivity improvement through as-
sembly line balancing by using simulation modeling in case of Abay garment industry
Gondar. Heliyon, 10(1). https://doi.org/10.1016/j.heliyon.2023.e23585

Velumani, S., & Tang, H. (2017). Operations Status and Bottleneck Analysis and Improvement
of a Batch Process Manufacturing Line Using Discrete Event Simulation. Procedia Man-
ufacturing, 10, 100-111. https://doi.org/10.1016/j.promfg.2017.07.033

Wang, Z., Hu, H., & Gong, J. (2018). Framework for modeling operational uncertainty to op-
timize offsite production scheduling of precast components. Automation in Construction,
86, 69-80. https://doi.org/10.1016/j.autcon.2017.10.026

Yelles-Chaouche, A. R., Gurevsky, E., Brahimi, N., & Dolgui, A. (2021). Reconfigurable man-
ufacturing systems from an optimisation perspective: a focused review of literature. In-
ternational Journal of Production Research, 59(21), 6400-6418.
https://doi.org/10.1080/00207543.2020.1813913

308



Global Business and Management Research: An International Journal

Vol. 17, No. 1 (2025)

Zupan, H., & Herakovic, N. (2015). Production line balancing with discrete event simulation:

A

case

study.

IFAC-PapersOnLine,

https://doi.org/10.1016/j.ifacol.2015.06.431

309

28(3),

2305-2311.



