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Abstract: Growing competition and changing customer demands are driving manufacturers to rethink
their production processes and adopt better improvement strategies. While larger manufacturers have
successfully used advanced technologies to make their processes more efficient and customer focused,
implementing these technologies requires significant investments in infrastructure, training, and system
upgrades. This poses major challenges, especially for small and medium enterprises (SME). This study
examines an SME specializing in the manufacturing of aluminum casting products. The company
struggles to shorten the extended production time for its high-volume products to achieve the desired
production planning targets. To address these challenges, the research utilizes discrete-event simulation
(DES) modelling to predict how the production system behaves under several improvement strategies.
The use of DES in this study has yielded promising results. The outcomes from proposed improvements
demonstrate a remarkable 71% reduction in total production time required to produce monthly planned
quantity, significantly enhancing existing production capacity. The simulation technique helps identify
bottlenecks, address inefficiencies and evaluate different improvement scenarios in the production
processes. It minimizes disruptions to operations, and supports the company decision-makers in
selecting the best strategies to improve current processes.

Keywords: Discrete-event simulation, Improvement strategy, Production process, SME.

1. Introduction

The manufacturing industry is associated with large-scale production of goods driven by
technological advancements. It remains an essential sector in both developed and developing countries,
significantly contributing to national economies while fostering technological innovation. In Malaysia,
the manufacturing sector encompasses a wide range of businesses, from large corporations to SMEs.
These SME play a crucial role in the nation’s economy, not only due to their substantial numbers but
also their economic impact. Collectively, SMEs contribute 87.4% to Malaysia's gross domestics product,
with the manufacturing sector alone accounting for 22.8% of this share [17. The fast-changing global
business environment has exerted pressure on SMEs to adapt swiftly to market demands, remaining
agile and responsive, and devising effective business strategies to facilitate expansion. To address these
challenges, the 12th Malaysian Plan outlines strategies to redefine the direction of SME manufacturers.
Central to these initiatives is the transition to Industry 4.0 (I4.0) technologies. This shift holds
significant potential to boost productivity, enhance efficiency, and improve cost-eftectiveness, thereby
equipping SMEs to thrive in a competitive environment [27].

Integrating 4.0 technologies with information systems significantly enhances decision-making,
accelerates process improvements, enables quick reconfiguration, and support organizational learning,
as companies can analyze their performance data and adapt to changing market demands [37]. Despite
these advantages, a survey by the Malaysian SME Association revealed the use of 4.0 technologies
among SME is limited. The study identified three key primary factors contributing to this situation,
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namely the substantial financial investment required, uncertainty among SME companies about how to
get started and seek assistance, and doubts regarding their own readiness for implementation [4].
Among these challenges, the lack of financial resources stands out as the most significant obstacle for
SME [57. Limited budgets often prevent these companies from investing in the necessary equipment,
software, and infrastructure to modernize their production processes. Beyond financial constraints, SME
companies also face additional challenges, including employee skill gaps, the absence of clear
improvement execution plans [67, insufficient training and qualifications, technical complexities, and
the organizational transformation required for 14.0 adoption [7].

Alongside the adoption of 14.0 technologies, the Malaysian government has urged manufacturing
sector to focus on enhancing key areas of business operations, including design, engineering, service
planning, management systems, and production processes [87]. Improving production process is a
highly complex undertaking, particularly for manufacturing companies, especially those classified as
SME. Identifying the right areas for improvement is of utmost importance. Manufacturers must realign
their current production processes by leveraging their internal resources and capabilities. The changes
implemented should not solely revolve around their existing processes but also consider the need for
adaptability to future challenges. Finding effective ways to improve the current production processes
has proven to be a terrifying challenge [97]. Transitioning to improved conditions is a complex task, and
initial attempts may not guarantee success. Some companies may experience a relapse into their
previous practices. Implementing an improvement plan requires substantial commitment and
investment from both management and the workforce. The process of operationalizing the improvement
plan can be challenging due to its complexity and extensive scope [107].

Process improvement in production is often viewed as a series of stages and factors that require
careful development, which can pose significant challenges for SME due to the complexity and demands
involved [117. While universally applicable process improvement techniques exist, SME encounter
unique challenges that can’t always be addressed with generalized approaches [127. Consequently,
companies may require tailored techniques that align with their specific needs and circumstances to
achieve their production process improvement goals. The choice of an appropriate process improvement
technique depends on the nature of the problems being addressed and the type of analysis needed to find
a suitable solution [137. Different problems may require for different methods, making it crucial to fully
understand the specific context and challenges before selecting the most suitable technique. Therefore,
this study aims to assist an SME manufacturing aluminum casting products improve its production
processes through a case study. The goal is to analyse the problems preventing the company’s
production from achieving its planned target within the specified timeframe. By combining process
improvement principles with computer simulation techniques, the study explores potential modifications
to streamline the current production processes.

2. Literature Review

Every company depends on various production processes to power its operations. When these
processes take longer than expected, consume more resources than planned, or deliver inconsistent
results, it indicates a process breakdown that making the production operations less eftective. Thus, to
address such challenges, process improvement is the great way to make sure the production processes
remain efficient and reliable. Furthermore, it enhances the resilience of companies, particularly SME
[117]. Process improvement techniques involving identifying bottlenecks in current production
processes, analysing the root causes of inefficiencies, implementing corrective measures, and finding
ways to optimize in a way that align with the company’s goals. However, improving production
processes is often perceived as a risk [147]. While some companies choose to extend production process
improvement projects over several years to minimize the risk of failure, the initiatives usually result in
significant changes within a relatively short time [157. To be effective, such efforts must evolve
alongside the organization, becoming a key strategy aligned with its business needs.

The quest for strategies grounded in process improvement, combined with the need to meet
evolving business requirements, has driven many companies to modify their existing production
processes. Case studies conducted by [137] and [167] demonstrate that improving production process
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within an organization can be achieved by reducing individual workstation cycle time, production
throughput time, manufacturing lead time, the ratio of cycle time to takt time, and through work
standardization. Moreover, the adoption of process improvement initiatives has demonstrated
significant benefits, such as lowering work-in-process (WIP) inventory levels (177, reduce operational
costs, improving on-time delivery [187], maximizing profits, enhancing shareholder value, and
dehverlng significant benefits to SME [127. However, as [19] point out, no single process
improvement methodology has been able to fully meet all goals. This highlights the reality that there is
no one-size-fits-all solution, emphasizing the need for tailored strategies and a suitable technique to
address the unique challenges of each organization [207].

Despite process the advantages, there remains a limited understanding of how to embed and sustain
improvement initiatives without regressing to previous practices [217]. [227] highlight that the primary
challenge lies in effectively implementing changes. Similarly, [237] identify reasons for the failure of
production process improvement initiatives in enhancing business performance, such as lack of
commitment and support from top management, an underqualified team, insufficient training and
learning, incorrect selection of methodologies and tools, scope creep, suboptimal team size and
composition, inconsistent monitoring and control, and resistance to change. Thus, achieving success in
these production process improvement attempt relies on adopting a structured technique that not only
provides clear guidance for implementing planned improvements but also outlines the anticipated
changes necessary for a smooth and eftective transformation.

Among the various process improvement techniques available, lean method is considered the most
suitable for this study to help the case company address its problems. This method has also been
successfully applied in similar case studies conducted by [247], [257, [17], and [267]. The core principle
of lean implementation revolves around eliminating waste to enhance the value stream of production
processes. In the context of lean, waste is defined as any expenditure or effort that does not contribute
to transforming materials into products that customers are willing to pay for. However, lean
implementation has faced criticism, particularly for its time-intensive focus on waste elimination and the
high costs associated with management changes [277]. Moreover, the implementation of lean varies
significantly across companies, leading to differing opinions on the appropriate performance measures
and a wide range of indicators used to evaluate its impact and benefits [287].

Although researchers have proposed various frameworks for lean implementation, value stream
mapping (VSM) is widely recognized as a valuable tool to support practitioners [297. Despite its
popularity, VSM has notable limitations. It cannot fully capture or represent the realities of the
production process [30], and it struggles to describe dynamic behaviours or manage complexity and
uncertainty [317]. Additionally, VSM falls short in analysing the interactions between components of
production processes and lacks the ability to verify or validate the performance of a proposed future
system before implementation [327. According to [337], VSM that performed in isolation may not
produce meaningful results in various scenarios. It does not account for the sequence in which batches
enter queues at each production processing stage, queuing delays, and capacity constraints.

To facilitate the implementation of process improvement initiatives and align them with company
strategies, researchers often utilize computer modelling and simulation technique in their case studies,
as these tools provide a risk-free and cost-effective environment for testing changes [847]. The
compatibility between 4.0 technology and process improvement techniques, particularly lean, has
shown a strong correlation [857]. Computer modelling replicates real-world systems or processes over
time, enabling businesses to enhance performance in both new and existing scenarios. This technique
aids decision-making by preventing potential failures from adjustments and offering a comprehensive
understanding of system behaviour through numerical evaluation. A well-developed and validated
computer model can address a wide range of questions about the simulated system, allowing
organizations to explore different scenarios, visualize production processes clearly, and conduct flexible
testing, thereby avoiding financial constraints [367].
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3. Methodology

The research flow starts with formulation of the problem and followed by creation of research
objectives. This step requires a comprehensive understanding of the existing production system and
problems encountered by the case company. It involves determining the performance metrics that will
be used to measure the system under study and outlining the performance objectives that the company
aims to achieve. The next step involves data collection that encompasses the collection of input
parameters, and any additional information needed to represent the system. The data source comes from
various channels, including observations, conducted time studies, and historical records like production
reports. Once the collected data is aligned with the established research objectives, the next step
involves developing a detailed simulation specification and designing a computer simulation model that
accurately represents the actual system.

The model defines the various components within the existing production processes, their
interrelationship, and the flow of inputs and outputs throughout the system. The design phase starts
with a thorough analysis of the system components, including machinery involved, production flow and
sequence, and planning schedules. Each component is accurately defined to ensure that the simulation
model encompasses all critical aspects of the production process. The interactions between those
components are mapped out to capture the dynamic nature of the system, confirming that the built
model reflects the complexities and interdependencies inherent in the actual production environment.
Then, the working model must first undergo verification to ensure it behaves as intended. Following
verification, the model undergoes validation, which involves comparing the simulation model's outputs
to real-world data to evaluate how accurately it replicates the actual system's behavior.

The next steps involve conducting experiments based on the type of analysis required. This includes
determining the scenarios to be explored by manipulating input parameters and conditions, and
estimating model outputs using statistical methods. By running multiple simulations and analyzing the
results, this study can gain insights into system behavior, evaluate various process improvement
strategies, and assess the impact of changes. To effectively evaluate the results from a statistical
perspective, it is crucial to understand how different inputs and configurations influence output
measures. This process includes identifying scenarios that show significant differences in performance
and determining which scenarios perform best or are most likely to excel among all those considered.
The final step involves interpreting the simulation findings and communicating these insights to
stakeholders. The results are documented in a report, accompanied by visualizations, statistical analyses,
and explanations of the simulation outcomes.

4. Case Study

The case company operates a job shop production system consisting of three primary stages: die
casting, secondary processing, and machining. Production is organized in batches, followmg a
predefined process sequence and adhering to standard production cycle times, as illustrated in Figure 1.
The product progresses through these three stages sequentially, moving to the next stage only after the
batch has reached the predetermined quantity at each stage. As shown in Figure 1, the machining 2 and
machining 8 processes are identified as bottlenecks, where the production flow slows down, thus
limiting the overall capacity of the production system. Each process has a cycle time of 400 seconds per
unit. According to information provided by interviewing the planner, the monthly available production
time is calculated to be 1,702,800 seconds. This figure is based on two shifts per day, each lasting 10.75
hours, across 22 working days per month. As a result, the theoretical maximum production capacity of
4,257 units per month is calculated by dividing the total monthly available production time by the cycle
time of the bottleneck process, assuming there are no constraints such as rejections or downtime.
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Figure 1.
Production process flow chart.

The company’s challenges are illustrated in Figure 2, which compares planned and actual
production outputs as well as planned and actual production times over a six-month period. While the
planned production output and production time remain fixed each month, the actual production time
fluctuates, reflecting trends in actual production output. According to the production records, actual
production output consistently falls short of planned targets, except in the first month. In that month,
actual production exceeded the planned output, but this was achieved through overtime, causing the
actual production time to surpass the planned time. This indicates significant deviations from the plan
and highlights inefficiencies in the production process. Further observations reveal that the production
time recorded in individual process reports does not fully capture the sequential and interdependent
nature of the production process. Variability and dependencies between processes involved introduce
inefficiencies that are often overlooked in the company’s production reports. Consequently, the recorded
production times may present an incomplete and potentially misleading picture of the overall production
system’s performance.
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Plan versus actual in production record.

5. Results and Discussion

The production process flow chart provided in Figure 1 serves as the basis for developing the DES
simulation model, as depicted in Figure 3. By modelling the entire production process, the simulation
incorporates the interdependencies and variability between different stages, offering a comprehensive
understanding of the production system's performance and identifying potential areas for improvement.
Inputs for each module of the simulation model are derived from information provided by the planner
and data from production records. Using these inputs, the modelling process is carried out, and the total
production time obtained from the simulation result is compared with the total production time from the
production records for validation purposes. Additionally, the mean absolute percentage error (MAPE)
method is employed to validate whether the simulation model accurately represents the real production
process. The calculated MAPE value of 3.8% indicates very accurate predictions, as classified by [87].
Therefore, the developed computer model accurately imitates the existing production process and can be
reliably used for the experimentation and scenario testing.
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Figure 3.
DES model of current production process using arena software.

The simulation results show that the DES model in Figure 3 requires 3,887,520 seconds of
production time to meet the monthly production target, with an average waiting time of 95,946 seconds
for the product to be processed at each stage. These results clearly indicate that the production
department will not meet the planned production targets within the allocated timeframe. The shortfall
in meeting the production targets underscores the need to explore alternative solutions to address the
ongoing challenges and achieve the desired production goals. In response, this study focuses on
analysing the bottleneck processes, reducing waiting times for product processing, and optimizing the
total production time required. Following discussions with the process owner, adjustments were made
to the initial DES model, which represented the current production process. In the first scenario testing,
machining processes two and three were rearranged to run in parallel, aiming to reduce the waiting
times between these two stages. This change, as part of the improvement strategy, was implemented
based on the similarity between the processes, with the only difference being the type of cutting
involved.

In the second scenario testing, the modifications from the first scenario computer model were
retained, with additional adjustments introduced to further enhance production efficiency. A key
improvement involved dividing the total production quantity into smaller batches, a strategy known as
production levelling. This approach introduced greater flexibility during product transitions between
stages. However, this strategy was applied only from the secondary process onward, as implementing it
from the beginning would be impractical due to the fast cycle time of the die-casting process, which is
fully automated. For the third scenario testing, the model retained the smaller batch improvement
strategy from the second scenario but reverted the arrangement of machining 2 and 3 from a parallel
configuration back to the original series configuration. Surprisingly, the simulation outcomes for the
third scenario showed significant improvements compared to both the first and second scenarios. A
detailed comparison of the simulation results for all three improvement strategies, along with the
current production process, is presented in Table 1.
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Table 1.
Simulation result from scenario testing.
Current Proposed improvement strategies
Simulation result production | Scenario one | Scenario two Scenario
process three
Total production time (tpt) 3.887.520 2.844.480 1.428.480 1.132.560
require (sec.)
% Reduction of TPT from - 26.8 63.3 70.9
current production process
Average waiting time for 95.946 70.314 34.410 27.012
product processing (sec.)
Available production time — (2.184.720) (1.141.680) 274.320 570.240
total production time (sec.)

This comparison offers valuable insights into how each scenario testing or modification reduces the
total production time required to meet the monthly planned target by nearly 71%, significantly
minimizing the average waiting time for products to be processed, amounting to an excess of 570,240
seconds which creates opportunities to further expand production capacity and explore improvement
strategies for substantial productivity gains. By analysing the simulation results, the management of the
case company can identify the adjustments that deliver the most significant benefits and those that may
need further refinement. This comprehensive evaluation highlights the critical role of data-driven
decision-making in optimizing production processes, enabling the company to prioritize impactful
changes and drive sustained growth effectively. Subsequently, Table 2 presents a detailed analysis of
significant improvement strategies, with a particular focus on minimizing waiting times at each stage of
the production processes, as demonstrated by the simulation results. These improvements play a crucial
role in boosting production outputs while minimizing delays that could disrupt the overall production
workflow, ensuring a smoother and more efficient operation.

Table 2.
Comparison of waiting time at each production process involved.

Average waiting time (sec.

Queuing location Current Scenario | Scenario | Scenario

process one two three
Diecasting process 366 366 366 366
Temporary storage after diecasting 3.312 3.312 3.324 3.824
Secondary process 5.772 5.772 5.940 5.940
Temporary storage after secondary 5.778 5.778 1.440 1.440
Machining 1 process 13.992 13.992 0 0
Temporary storage after machining 1 14.004 14.004 270 6.648
Machining 2 process 19.164 10.074 6.078 9.000
Temporary storage after machining 2 19.068 10.074 0 0
Machining 3 process 19.272 11.448 16.656 297

The modifications have significantly reduced waiting times, particularly in the bottleneck processes
at machining 2 and machining 3, where waiting times were recorded at 9,000 seconds and 297 seconds,
respectively. Accurately assessing the impact and eftectiveness of these modifications would have been
both challenging and time-consuming without the use of simulation technique. By leveraging computer
modelling and simulation, the case company has been able to evaluate the potential effects of proposed
production process improvement strategies within a controlled, risk-free environment, allowing for
comparison under varied conditions, and streamlining the decision-making process.
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6. Conclusion and Recommendation

Understanding which production process improvement techniques to apply is essential for
manufacturing companies, particularly SMEs, to meet customer demands in today’s fast-paced
environment. This study highlights the effectiveness of combining lean principles, a widely adopted
process improvement approach with simulation techniques that empmcally evaluate proposed
1mprovement strategy scenarios. This synergy has delivered convincing results, enabling the case
company’s management to make informed decisions that unlock greater value and optimize profitability.
By addressing the identified problems, the company successfully redesigned its production processes,
reducing the total production time required and improving production capacity and overall efficiency.

This study also contributes to academic knowledge by demonstrating the real-world application of
simulation techniques, bridging the gap between theoretical research and industrial practice. To develop
a more comprehensive framework, future research should explore a broader range of production
processes, company sizes, and challenges across diverse manufacturing sectors. Expanding research into
various industries will refine and adapt the methods to specific needs, ensuring they address a wide
array of operational challenges. By evaluating the techniques across multiple contexts, researchers can
develop a more universally applicable and effective strategy for improving production processes.

Funding:
This research is supported by Universiti Malaysia Pahang Al-Sultan Abdullah (Grant Number:
RDU230321)

Copyright:
© 2024 by the authors. This article is an open access article distributed under the terms and conditions
of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).

References

1] DOSM, “Micro, Small and Medium Enterprises Performance 2021,” Department of Statistics Malaysia, 2022.

re] EPU, “Executive Summary of the Twelfth Malaysia Plan 2021-2025,” Malaysian Economic Planning Unit, 2021.

[s] A. G. Uriarte, A. H. C. Ng and M. U. Moris, “Supporting the Lean Journey with Simulation and Optimization in the
Context of Industry 4.0,” Procedia Manufacturing, 25, pp. 586—593, 2018.

[47] D. M. H. Kee, M. Cordova, and S. Khin, “The Key Enablers of SMEs Readiness in Industry4.0: A Case of Malaysia,”
International Journal of Emerging Markets, 2023. https://doi.org/10.1108/IJOEM-08-2021-1291

[5] N. Yoshino and F. Taghizadeh-Hesary, “Major Challenges Facing Small and Medium-Sized Enterprises in Asia and
Solutions for Mitigating Them,” Aszan Development Bank Institute, 564, 2016. https://doi.org/10.2139/ssrn.2766242

[6] S. Kumar, R. D. Raut, E. Aktas, B. E. Narkhede and V.V. Gedam, “Barriers to Adoption of Industry 4.0 and
Sustainability: A Case Study with SMEs,” International Journal of Computer Integrated Manufacturing, 36(5), pp. 657—
677, 2023.
https://doi.org/10.1080/0951192X.2022.2128217

7] K. S. Demirbag and N. Yildirim, “Getting the Measure of the Fourth Industrial Revolution: Advantages and

Challenges of Industry 4.0 in the Turkish White Goods Industry,” Central European Management Journal, 2023.
https://doi.org/10.1108/CEMJ-03-2021-0026

[8] MITI, “Industry 4WRD: National Policy on Industry 4.0,” Ministry of International Trade and Industry, Malaysia, 2018.

[9] J. R. X. Alves and J. M. Alves, “Production Management Model Integrating Principles of Lean Manufacturing and
Sustainability Supported by the Cultural Transformation of a Company,” International Journal of Production Research,
53(17), pp. 5320-5333, 2015. https://doi.org/10.1080/00207543.2015.1033032

[10] D. J. Roman, M. Osinski, and R. H. Erdmann, “A Substantive Theory on the Implementation Process of Operational

Performance  Improvement  Methods,”  Revista de  Administragdo,  52(2), pp. 148-162, 2017.
https://doi.org/10.1016/j.rausp.2016.12.005
117 S. Zighan and S. Ruel, “SMEs" Resilience from Continuous Improvement Lenses,” Journal of Entrepreneurship in

Emerging Economies, 15(2), pp. 233—253, 2023. https://doi.org/10.1108/JEEE-06-2021-0235

[12] P. Alexander, J. Antony and B. Rodgers, “Lean Six Sigma for Small-and-Medium-Sized Manufacturing Enterprises: A
Systematic Review,” International Journal of Quality and Reliability Management, 36(3), pp. 378-397, 2019.
https://doi.org/10.1108/IJQRM-03-2018-0074

[13] F. Aqlan and L. Al-Fandi, “Prioritizing Process Improvement Initiative in Manufacturing Environments,”
International Journal of Production Economics, 196, pp. 261-268, 2018. https://doi.org/10.1016/].ijpe.2017.12.004

147 T. M. F. da Silva, L. C. Santos and C. F. Gohr, “Exploring Risks in Lean Production Implementation: Systematic
Literature Review &  Classification Framework,” International  Journal of Lean Six Sigma, 2021.
https://doi.org/10.1108/1JLSS-10-2020-0167

Edelweiss Applied Science and Technology
ISSN: 2576-8484

Vol. 8, No. 6: 6251-6260, 2024

DOL 10.55214/25768484.v816.3366

© 2024 by the authors; licensee Learning Gate


https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1108/IJOEM-08-2021-1291
https://doi.org/10.2139/ssrn.2766242
https://doi.org/10.1080/0951192X.2022.2128217
https://doi.org/10.1108/CEMJ-03-2021-0026
https://doi.org/10.1080/00207543.2015.1033032
https://doi.org/10.1016/j.rausp.2016.12.005
https://doi.org/10.1108/JEEE-06-2021-0235
https://doi.org/10.1108/IJQRM-03-2018-0074
https://doi.org/10.1016/j.ijpe.2017.12.004
https://doi.org/10.1108/IJLSS-10-2020-0167

[15]

[16]
[17]

(18]

[197
[20]

[21]

roo]
23]
r24]

[25]

[26]

[27]

28]
[29]

[s0]

[s1]

[2]

s8]
[84]
[s5]

[s6]

[s7]

6260

A. Khosravi, “Business Process Rearrangement and Renaming: A New Approach to Process Orientation and
Improvement,” Business Process Management Journal, 22(1), pp. 116—139, 2016. https://doi.org/10.1108/BPMJ-02-
2015-0012

L. Mulugeta, “Productivity Improvement Through Lean Manufacturing Tools in Ethiopian Garment Manufacturing
Company”, Materials Today: Proceedings, 37, pp. 1482—1486, 2020. https://doi.org/10.1016/j.matpr.2020.06.599

A. P. Lacerda, A. R. Xambre and H. M. Alvelos, “Applying Value Stream Mapping to Eliminate Waste: A Case Study
of an Original Equipment Manufacturer for the Automotive Industry”, International Journal of Production Research,
54(6), pp. 1708—1720, 2016. https://doi.org/10.1080/00207543.2015.1055349

B. Vo, E. Kongar and M. F. S. Barraza, “Kaizen Event Approach: A Case Study in the Packaging Industry”,
International ~ Journal — of  Productivity &  Performance  Management, 68(7), pp. 1343-1372, 2019.
https://doi.org/10.1108/IJPPM-07-2018-0282

O. A. Rashid and M. N. Ahmad, “Business Process Improvement Methodologies: An Overview”, Journal of Information
System Research Innovation, 5, pp. 45—53, 2013.

P. Samaranayake, M. W. McLean and S. K. Weerabahu, “Application of Lean and Quality Improvement Methods for
Improving Operational Performance in Coal Supply Chains: A Case Study”, International Journal of Quality and
Reliability Management, 41(6), pp. 1594—1622, 2024. https://doi.org/10.1108/1IJQRM-04-2023-0138

A. W. J. C. Abeygunasekera, W. Bandara, M. T. Wynn and O. Yigitbasioglu, “How to Make it Stick?
Institutionalising Process Improvement Initiatives”, Business Process Management Journal, 28(3), pp. 807—833, 2022.
https://doi.org/10.1108/BPMJ-03-2021-0170

H. Kashfi and F. S. Aliee, “Business Process Improvement Challenges: A Systematic Literature Review”, 11%
International Conference on Information and Knowledge Technology, pp. 122—126, 2020

J. Antony and S. Gupta, “Top Ten Reasons for Process Improvement Project Failures,” International Journal of Lean
Stz Sigma, 10(1), pp. 367-374, 2019. https://doi.org/10.1108/1JLSS-11-2017-0130

K. S. Ghatorha, R. Sharma and G. Singh, “Application of Root Cause Analysis to Increase Material Removal Rate for
Productivity Improvement: A Case Study of the Press Manufacturing Industry”, Materials Today: Proceedings, 26, pp.
1780—-1783, 2019. https://doi.org/10.1016/).matpr.2020.02.374

S. A. Khan, M. A. J. Kaviani, B. Galli, and P. Ishtiaq, “Application of Continuous Improvement Techniques to
Improve Organization Performance: A Case Study”, International Journal of Lean Six Sigma, 10(2), pp. 542—565, 2019.
https://doi.org/10.1108/1JLSS-05-2017-0048

A. Memari, H. R. Panjehfouladgaran, A. R. Abdul Rahim and R. Ahmad, “The Impact of Lean Production on
Operational ~Performance: A Case Study”, Asia-Pacific Journal of Business Administration, 2022.
https://doi.org/10.1108/ APJBA-04-2022-0190

E. Lodgaard, J. A. Ingvaldsen, I. Gamme and S. Aschehoug, “Barriers to Lean Implementation: Perceptions of Top
Managers, Middle Managers and Workers”, Procedia CIRP, 57, pp- 595—600, 2016.
https://doi.org/10.1016/].procir.2016.11.103

J. Bhamu and K. S. Sangwan, “Lean Manufacturing: Literature Review and Research Issues”, International Journal of
Operations & Production Management, 34(7), pp. 876—940, 2014. https://doi.org/10.1108/1IJOPM-08-2012-0315

G. A. Marodin and T. A. Saurin, “Implementing Lean Production Systems: Research Areas and Opportunities for
Future  Studies”,  International  Journal  of  Production  Research, 51(22), pp. 6663—-6680, 2013.
https://doi.org/10.1080/00207543.2013.826831

A. L. Helleno, C. A. Pimentel, R. Ferro, P. I. Santos, M. C. Oliveira, and A. T. Simon, “Integrating Value Stream
Mapping and Discrete Events Simulation as Decision Making Tools in Operation Management”, International Journal
of Advanced Manufacturing Technology, 80, pp. 1059—1066, 2015. https://doi.org/10.1007/s00170-015-7087-1

Y. H. Lian and H. V. Landeghem, “Analysing the Effects of Lean Manufacturing Using a Value Stream Mapping-
Based Simulation Generator”, International Journal of Production Research, 45(18), pp. 8037—-8058, 2007.
https://doi.org/10.1080/00207540600791590

H. Cortes, J. Daaboul, J. L. Duigou, and B. Eynard, “Strategic Lean Management: Integration of Operational
Performance Indicators for Strategic Lean Management”, IFAC-Papers, 49(12), pp. 65-70, 2016.
https://doi.org/10.1016/j.ifacol.2016.07.551

S. A. Irani and J. Zhou, “Value Stream Mapping of a Complete Product”, in White Paper of Lean Manufacturing Japan
(Issue 1), 2011.

P. Sharma, “Discrete-Event Simulation”, International Journal of Scientific & Technology Research, 4(04), 136—140, 2015.
https://doi.org/10.1145/317500.317518

S. V. Buer, M. Semini, J. O. Strandhagen and F. Sgarbossa, “The Complementary Effect of Lean Manufacturing and
Digitalisation on Operational Performance”, International Journal of Production Research, 59(7), 1976-1992, 2021.
https://doi.org/10.1080/00207543.2020.1790684

T. Yang, Y. Kuo, C. T. Su, and C. L. Hou, “Lean Production System Design for Fishing Net Manufacturing Using
Lean Principles and Simulation Optimization”, Journal of Manufacturing Systems, 34, 66=73, 2015.
https://doi.org/10.1016/].jmsy.2014.11.010

C. D. Lewis, “Industrial and Business Forecasting Methods: A Practical Guide to Exponential Smoothing and Curve
Fitting”, Butterworth Scientific, 1982.

Edelweiss Applied Science and Technology
ISSN: 2576-8484

Vol. 8, No. 6: 6251-6260, 2024

DOL 10.55214/25768484.v816.3366

© 2024 by the authors; licensee Learning Gate


https://doi.org/10.1108/BPMJ-02-2015-0012
https://doi.org/10.1108/BPMJ-02-2015-0012
https://doi.org/10.1016/j.matpr.2020.06.599
https://doi.org/10.1080/00207543.2015.1055349
https://doi.org/10.1108/IJQRM-04-2023-0138
https://doi.org/10.1108/BPMJ-03-2021-0170
https://doi.org/10.1108/IJLSS-11-2017-0130
https://doi.org/10.1016/j.matpr.2020.02.374
https://doi.org/10.1108/IJLSS-05-2017-0048
https://doi.org/10.1108/APJBA-04-2022-0190
https://doi.org/10.1080/00207543.2013.826831

