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Abstract

We simulated the manufacturing production line in a micro, small, and medium enterprise
(MSME) to assess the efficiency of a helmet product organization, using ARENA simulation
modelling software version 15.10.00000. The process and standard time for each process in
the production line were estimated from data provided by the enterprise’s management
and direct observation. The enterprise line was engaged in six different processes to
manufacture a singular product type. ARENA was used to analyse data. The simulation
results showed an increase in workers’ utilization and reduced production duration for
restructuring worker allocations, while maintaining a constant throughput rate.

Keywords: efficiency; manufacturing; modelling; production line; simulation; utilization

1. Introduction

In 2021, micro, small, and medium enterprises (MSMEs) in Malaysia constituted
the backbone of the national economy, accounting for 97.4% of all business establish-
ments and contributing 38.4% to the country’s gross domestic product (GDP). In the
same year, the MSME manufacturing industry experienced notable growth, reaching
8.5%, a significant rebound from its decline in 2020. These figures underscore the pivotal
role of MSME:s in driving economic development, fostering innovation, and generating
employment opportunities [1,2].

Despite their importance, Malaysian MSMEs face challenges in the competitive global
market, including limited financing, inadequate technological capabilities, and evolving
consumer demands, all of which hinder improving operational efficiency and competitive-
ness [1-3]. Among these challenges, optimizing production processes has emerged as a
critical concern. Therefore, MSMEs must streamline operations, reduce costs, and adhere
to stringent quality standards to maintain sustainability in the marketplace [2,3].

Understanding the manufacturing landscape is essential when examining MSME
operations. The sector involving MSMEs is categorized into light, medium, and heavy
industries, providing a framework for analyzing diverse production activities. Light

Eng. Proc. 2026, 128, 10

https://doi.org/10.3390/engproc2026128010


https://crossmark.crossref.org/dialog?doi=10.3390/engproc2026128010&domain=pdf&date_stamp=2026-03-09
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/engproc
https://www.mdpi.com
https://orcid.org/0000-0002-3589-6535
https://orcid.org/0000-0003-0589-1415
https://doi.org/10.3390/engproc2026128010

Eng. Proc. 2026, 128, 10

2 0f9

industries produce consumer goods and are often associated with efficiency and sustain-
ability. Medium industries serve as a transitional segment, encompassing a broad array
of production processes. Heavy industries, by contrast, involve large-scale operations
and the production of complex machinery and materials. This classification enables an
understanding of MSME contributions to Malaysia’s industrial and economic development.

To address existing challenges of MSMEs, policymakers have advocated for the adop-
tion of digital technologies and advanced methodologies to enhance MSMEs production
capabilities [1,2]. Among these, simulation has proven to be a valuable tool for mod-
eling, analyzing, and optimizing complex manufacturing systems. It enables MSMEs
to evaluate various operational scenarios, identify inefficiencies, and refine production
processes in a virtual environment before implementation, thereby mitigating risks and
improving performance [2,4].

However, the adoption of simulation technologies by MSMEs remains difficult due
to limited awareness, insufficient technical expertise, and resource constraints. These
barriers impede widespread utilization and successful integration of simulation tools within
MSME manufacturing settings [2,5,6]. Moreover, there has not been extensive research
on the application of simulation in MSMEs, particularly in the context of optimizing
manufacturing lines.

Considering the substantial economic significance of MSMEs in Malaysia and the
transformative potential of simulation technologies, it is required to address this research
gap. Therefore, we conducted a case study and simulations of a Malaysian MSME man-
ufacturing enterprise to enhance production line efficiency. The results provide a basis
and strategic recommendations for the broader adoption and effective implementation of
simulation technologies for the MSMEs in Malaysia.

2. Literature Review
2.1. Industry Revolution 4.0

Industry Revolution 4.0 (IR4.0) signifies a major change in the global manufacturing
sector, driven by the merging of digital technology, data analytics, and automation. This
paradigm change offers potential and difficult issues for MSMEs, as they are crucial to the
nation’s economy. This is because MSMEs considerably contribute to economic growth, job
creation, and innovation in a country’s industrial environment [1-3,6].

IR4.0 is driven by cutting-edge technologies, including Internet of Things (IoT), arti-
ficial intelligence (Al), robotics, and big data analytics, whereby these technologies have
transformed manufacturing production lines and enhanced productivity and efficiency
levels [1,2]. However, successful incorporation of IR4.0 technologies into MSME operations
requires overcoming challenges. MSMEs are obstructed in adopting and benefiting from
technological improvements because of the constraints in resources, technological skills,
and organizational readiness [1,2,6].

To address these obstacles, MSMEs require strategic planning, capacity building, and
collaboration with stakeholders across the public and private sectors [2]. Strategic plan-
ning involves evaluating the organization’s existing competencies, identifying matters that
need enhancement, and creating a plan for digital transformation. In addition, capacity
building actions, involving training programs and information sharing platforms, are
crucial for providing MSMEs with the necessary skills and experience to effectively utilize
IR4.0 technology [1,2,7]. Finally, engaging with stakeholders, including government agen-
cies, industry groups, and technology providers, is essential to establishing a supportive
setting that promotes innovation and enables the implementation of IR4.0. Government
agencies must offer incentives, regulatory assistance, and financial possibilities to encour-
age MSMEs to invest in digital technology [8]. Meanwhile, industry associations can act
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as hubs of information, enabling networking opportunities and sharing best practices
among MSME organizations, and offer customized solutions to MSMEs to assist them in
overcoming implementation challenges and maximizing the benefits of IR4.0 [1,2].

Driven by digital technology’s convergence, the IR4.0 demonstrates a paradigm shift
in manufacturing and business operations. The nine core technological domains that
underpin this transformation, spanning applications from large-scale industries to smart
agriculture [9]. The domains highlight the transformative potential of IR4.0 across diverse
sectors. These foundational pillars and their applications are explored, with an emphasis
on their implications and challenges for MSMEs. The nine key pillars driving IR4.0 include
autonomous robots, simulation, system integration, IoT, cybersecurity, cloud computing,
additive manufacturing, big data, and analytics [10].

Autonomous robots enhance operational efficiency and precision in production pro-
cesses [10]. Simulation facilitates virtual prototyping and process optimization, thereby
reducing development costs and accelerating time to market [11,12]. System integration
enables seamless data exchange and communication across departments and platforms.
IoT connects machines and devices, generating vast volumes of data for real-time moni-
toring and control [13]. Cybersecurity plays a critical role in safeguarding sensitive data
and protecting infrastructure from cyber threats [14]. Cloud platforms offer scalable and
cost-effective computing resources for data storage and processing. Additive manufactur-
ing, such as three-dimensional (3D) printing, supports rapid prototyping and customized
production [15]. Finally, big data and analytics empower organizations with actionable
insights for informed decision-making and process optimization [16].

For MSMES, IR4.0 technologies present opportunities and challenges. MSMEs harness
digital innovations to improve productivity, enhance product quality, reduce operational
costs, and strengthen their competitive positioning. For example, IoT-enabled sensors
enable equipment performance monitoring and predictive maintenance, minimizing down-
time. Cloud-based solutions grant access to advanced software and computing capabilities
without substantial upfront investment. Additive manufacturing allows MSMEs to rapidly
customize products in response to shifting market demands, while big data analytics
provide insights into consumer preferences and support targeted marketing strategies.

Among the IR4.0 pillars, simulation technology is particularly beneficial for MSMEs,
especially in terms of cost efficiency [17]. By leveraging digital twins, MSMEs can create
virtual representations of processes, products, or systems, enabling them to test and refine
designs and operations prior to implementation [18]. In simulation, technologies, including
artificial intelligence (Al), system integration, and data analytics, are integrated [19]. Such
an integration enables a risk-free environment for MSMEs to explore various strategies and
optimize their return on investment when adopting IR4.0 technologies.

2.2. MSME and Simulation Technology

MSME:s in the manufacturing industry are under pressure to enhance their production
processes to stay competitive and adapt to changing market needs. Simulation technology
adoption is a critical approach for MSMEs to improve production line efficiency and attain
sustainable growth [1,2]. Simulation technology enables MSMEs to create virtual models
that imitate real-world manufacturing processes with remarkable precision [20]. MSMEs
can analyze various production situations to obtain insights into their operations, identify
inefficiencies, and discover optimization opportunities. In addition, they can use data-
driven analysis to make well-informed choices rather than depending just on intuition or
trial-and-error methods [21].

Simulation technology is advantageous since it allows risk-free experimentation.
Hence, MSMEs need to adopt simulations to evaluate different scenarios for feasibility
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and potential impact, rather than making changes directly on the production line, which
interrupts operations and results in expenses [20,22,23]. This allows MSMEs to experiment
with various strategies, assess their efficiency, and identify the most effective solutions
prior to actual implementation. As a result, simulation technology enables MSMEs to
make informed decisions, reduce risks, and prevent expensive errors [1,24]. Furthermore,
simulation technology facilitates improvement efforts. Production processes are dynamic
and are impacted by various factors, including market demand, technical improvements,
and resource availability [6]. Simulation technology offers a platform to track production
performance, analyze patterns, and discover areas for enhancement over time. This allows
MSMEs to enhance operational efficiency by using simulation in their continuous improve-
ment initiatives to uncover new possibilities and optimize operations consistently [5,24].

3. Materials and Methods

In this study, we conducted a case study to examine a manufacturing system within a
specific manufacturing facility and understand its operations in a particular environment.
Bell and colleagues [25] define a case study as an in-depth and thorough examination of one
case. We adopted the discrete event simulation (DES) to obtain better results. Shannon [26]
suggested 12 stages to conduct simulation, beginning with problem definition, project plan-
ning, system definition, conceptual model formulation, preliminary experimental design,
input data preparation, model translation, verification and validation, final experimental
design, experimentation, analysis and interpretation, and implementation and documen-
tation. On another hand, Maria [27] proposed 11 steps in developing an experiment
simulation modelling, which involve the following: identify the problem, formulate the
problem, collect and process real system data, formulate and develop a model, validate the
model, document model for future use, select appropriate experimental design, establish
experimental conditions for runs, perform simulation runs, interpret and present results,
and recommend further course of action.

We considered the stages in previous studies to establish a simulation model in the
following eight stages.

1.  Problem identification: A clear set of objectives and rationale was established to guide
the investigation of the selected subject. The researchers evaluated the utilization of
the assembly production line, focusing on components such as protective padding,
retention systems, accessories, packaging, and quality inspection points.

2. System definition: To construct and assess the functionality of the system and its pro-
cesses, key parameters and constraints were defined, including logical subsystems,
entities, resources, and the fundamental flow patterns of entities throughout the system.

3. Conceptual model formulation: An initial model was developed, and a process
flowchart was drawn. The model described system elements, descriptive variables,
and logical interactions that define the system’s behavior.

4.  Data collection and processing: Real-time data were collected from the point of part
arrival through to the final assembly stage. A dataset comprising 1500 observations
was obtained from the assembly production line for analysis.

5. Model formulation and development: The ARENA simulation software was em-
ployed to construct and modify the system model. A trace analysis was conducted
to ensure that parts progressed through the production line as expected. The model
was refined using cycle time data and additional parameters derived from interviews,
including error rates, rework durations, and product order sequences. The finalized
simulation model was compared with the assembly process map to verify behavioral
consistency. Operators reviewed the model to validate its representativeness. Upon
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validation, the model was loaded with a continuous sequence of product orders,
which was also applied in the enhanced simulation mode to facilitate fair comparison.
Model verification and validation: It was confirmed that the simulation program op-
erated according to its intended design and expected behavior. This process included
rigorous testing to demonstrate the independent and integrated functioning of model
components using appropriate data inputs. The model was presented to workers and
the business owner for feedback, which informed subsequent modifications (Figure 1).
Workers assessed the model’s performance through test runs. Validation focused on
determining the extent to which the model accurately replicated the behavior of the
actual system, and the model’s systematic procedure for establishing confidence in
the model’s accuracy and relevance. A deviation of less than 10% between the model
output and real-world data was considered acceptable for validation.
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Figure 1. Current simulation model of assembly process.

7.

Experiment design and execution: A structured experimental method was developed
to generate the required data. This included outlining specific procedures for each
test run. Simulations were then conducted to produce the necessary data, followed by
sensitivity analyses to evaluate the impact of varying parameters.

Analysis and interpretation: The final stage involved interpreting the data generated
from the simulation experiments to draw meaningful conclusions and insights regarding
system performance and optimization potential.

The assembly of a helmet is critical to minimize rider head injuries. It involves

multidimensional processes, including design, material processing, component integration,
and rigid quality assurance [28]. All the simulation data were analyzed by using the Arena
Input Analyzer. All the inter-arrival times were analyzed to determine the mathematical
statistics with the best-fit distribution for each data set (Table 1).

Table 1. Mathematical distribution of process time for various processes (actual model).

Process Expression Total Resource

Painted shell arrived time (minutes) EXPO(10)
Quality check 1 (minutes)—97% reject rate 2 + LOGN(2.81, 1.34) 1
Protective padding arrived (minutes) 3 + ERLA(0.633, 6) 1
Retention system arrived (minutes) 4 + ERLA(0.961, 7) 4
Accessory arrived (minutes) 1+ 10 = BETA(5.18, 9.53) 1
Quality check 2 (minutes)—97% reject rate 2 +15 * BETA(5.8, 10.1) 2
Packaging (minutes) TRIA(2, 4.59, 9.88) 1

Simulation setup Packaging.NumberOut == 1502

4. Results and Discussion

The current simulation operation model was evaluated to identify its absence of logical

errors (Figure 2). To validate the data set, actual data and simulation results were compared.
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The model performed well when the different outcomes were below 10%. Hence, the model
was used for further analysis.

Arena X Arena

The simulation has run to completion,
| No errors or warnings in model Would you like to see the results?

B e
.:-_:j‘_:_ ——— o’ _ﬂ“:‘ e /_ I

Figure 2. Verification of model developed in this study using ARENA software.

The current simulation model revealed an average worker utilization rate of 61.95%
across all processes, with individual rates ranging from 47.49 to 99.75%. The retention
system exhibited exceptionally high utilization, indicating a potential bottleneck. Most
processes demonstrated suboptimal utilization, with rates below 70%, suggesting ineffi-
ciencies within the assembly production line. The retention system was identified as the
primary bottleneck, characterized by prolonged waiting times. Entities experienced an
average delay exceeding seven hours, with a maximum waiting time of 738.86 min, despite
the allocation of four workers to this process.

In response to these results, the simulation model was modified to enhance resource
utilization through worker reallocation. The modification involved merging the accessory
and quality check point 2 processes, enabling shared resource allocation. This adjustment
was modeled using a Poisson distribution with a parameter value of POIS(10), aimed at
reducing process duration.

The original and modified models were compared to evaluate process efficiency fol-
lowing the integration of the accessory and quality check functions, now operated by
two workers. The modified model increased worker utilization rates, with all processes
exceeding 50% (Table 2). The most significant improvement was observed in the accessory
process, where utilization rose from 41.13% to 93.16%, indicating a more effective deploy-
ment of labor. However, this increase prolonged the average waiting time per entity, which
escalated from a negligible 0.00134 to 8.5702 min. This suggests that while the combined
process improved labor efficiency, it introduced a new bottleneck. Additionally, the average
value-added time per entity in the accessory process doubled from 4.4739 to 10.021 min,
potentially contributing to the observed delay.

Other processes, such as the retention system, showed a slight reduction in waiting
time, representing a positive outcome. Data for quality check point 2 were unavailable
in the improved model due to its integration with the accessory process. Small increases
in waiting times for quality check point 1 and packaging were attributable to shifts in
workload distribution from preceding processes.

A trade-off between enhanced worker utilization and increased entity waiting time
in the improved model was observed. Under the termination condition of Packag-
ing. NumberQOut = 1502, the original model concluded at 16,868.218 min. In contrast, the
improved model reduced the total simulation time by 167.789 min, ending at 16,700.429 min.
Furthermore, the number of entities processed increased from 1669 to 1673, indicating a
modest improvement in throughput.
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Table 2. Comparisons of original and modified models.
Identifier Process Current model  Improvement Model

Quality check 1 47.49% 47.99%

Protective padding 65.43% 66.15%

Average worker Retention system 99.75% 99.27%

utilization (%) Accessory 41.13% 93.16%
Quality check 2 68.79% -

Packaging 49.12% 50.06%

Quality check 1 2.2736 2.4042

Average waiting Protectiye padding 4.8792 4.2339

time per entity Retention system 453.69 387.90

(minutes) Accessory 0.00134 8.5702
Quality check 2 0.30497 -

Packaging 0.09006 0.17082

Quality check 1 4.7999 4.7973

Average Protective padding 6.8441 6.7897

lue-added tim Retention system 10.798 10.667

value-adde e

. . Accessory 4.4739 10.021
per entity (minutes) Quality check 2 7.4525 ;

Packaging 5.5166 5.5657

5. Conclusions

We simulated the assembly production line of a helmet manufacturing operation
in MSMEs to evaluate its effectiveness. ARENA simulation software was employed to
model the existing system and propose improvements through a comparative analysis.
The modified model showed a notable increase in worker utilization rates, exceeding 50%,
alongside a significant reduction in average waiting time per entity.

The simulation model developed enabled the enterprise to understand its current
assembly line operations. The model assessed potential enhancements to be implemented
using existing resource capacities. Further investigation is recommended to identify the
underlying causes of bottlenecks and to explore strategies for minimizing waiting times
without compromising worker utilization.

The development of virtual simulation models fosters connectivity between cyber-
physical systems within MSME environments. Practically, simulation models contribute to
the optimization of material flow, production scheduling, and resource allocation, thereby
improving operational efficiency and effectiveness. From a policy standpoint, the findings
underscore the importance of government initiatives that promote simulation capabilities
through targeted funding programs for MSMEs.

The enterprise in the case study enhanced production line utilization, which aligns
with a goal of the green economy. However, the scope of the research is limited to the
assembly line in single-product manufacturing. Further research is required to incorporate
additional systems to enable a deeper understanding of overall operations. Expanding
data collection in the process flow is also recommended to strengthen the robustness of
subsequent analyses.
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