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Abstract

Intensified competition, rapid technological advancements, and shifting customer 
demands are key catalysts for the global manufacturing landscape. Manufacturing 
companies that aim to remain competitive have re-evaluated and transformed their 
business models via sophisticated technologies to enhance production efficiency 
and customer focus. Nevertheless, implementing such innovations often requires 
substantial investments in infrastructure, training, and system upgrades, which can 
be challenging for small and medium enterprises (SMEs). The current work exam-
ined an SME specializing in aluminum casting products that struggled to reduce the 
extended production time for high-volume products to meet production planning 
targets. Discrete-event simulation (DES) modeling served to replicate the current 
production processes and analyze the system behavior under various production 
process improvement strategies. A notable 71% reduction in the total production time 
was required to achieve the monthly planned quantity based on the DES analysis 
outcomes. Moreover, system dynamics (SD) modeling was employed to evaluate 
actionable improvement strategies aimed at expanding production capacity and 
assessing their potential to receive more orders and meet upcoming demand. The 
SME could meet a demand of 8000 units per month and increase its production 
capacity by combining overtime and outsourcing strategies. The findings from both 
simulation techniques offered real-time insights into the impact of proposed improve-
ment strategies on operational and strategic performance measures to understand 
process optimization and improve production efficiency and capacity with minimal 
investment.

Keywords: lean manufacturing, process improvement, simulation modeling, discrete 
event simulation, system dynamics
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1. �Introduction

Manufacturers, specifically SMEs, encounter significant challenges in improving 
current production processes. Determining effective strategies to re-evaluate and 
improve the current production processes has proven to be a complex phenomenon 
[1]. Hence, it is vital to identify the key areas for improvement. The SMEs must 
leverage their internal resources and capabilities by transcending existing production 
processes to consider the need for adaptability to future challenges. Organizational 
issues can be effectively addressed by implementing appropriate improvement plans 
and methods [2].

Some companies may relapse into their previous practices, given the complexities 
involved in initiating a transformation. Implementing an improvement plan requires 
substantial commitment and investment from the management and workforce. Given its 
extensive and complicated nature, operationalizing the improvement plan may not guar-
antee immediate success [3]. The time-consuming attempt to improve current processes 
to meet demands could extend over several years. A sound understanding of the overall 
process, its interconnected activities, the potential effects, the necessary inputs, and the 
anticipated outcomes is integral for a robust operative improvement plan.

Andersson and Bellgran [4] claimed that the success of process improvement is 
contingent upon the company management’s ability to recognize valuable enhance-
ment opportunities. SME managers continue to face key challenges despite the pres-
ence of business process improvement methodologies [5]. Manufacturing companies 
require techniques that complement specific circumstances to achieve their process 
improvement objectives. Inappropriate selection can disrupt current processes, even 
when the initial intent is to enhance them. Thus, careful consideration is required 
when selecting suitable methods.

The nature of the complexities involved and the analysis required for identify-
ing a solution are the important factors influencing the selection of appropriate 
process improvement methods [6]. Specific contexts and issues must be understood 
at strategic and operational levels to choose the right process improvement method 
for a distinctive problem [7]. Companies that prioritize strategic initiatives focus on 
radical improvements, while counterparts that emphasize incremental improvements 
tend to concentrate on operational-level initiatives. Based on Malinova et al. [8], most 
process improvement methods tend to address operational issues but fail to consider 
the strategic level aspects. This omission can lead to the failure of overall process 
improvement strategies.

Manufacturing companies that aim to improve their production process must 
incorporate suitable techniques that evaluate their current processes to identify areas 
for enhancement, increase the process performance, and facilitate organizational goal 
attainment. The absence of a universal procedure denoted the need to customize a 
method that aligns with specific organizational requirements [9]. While some process 
improvement methods are implemented more frequently and effectively than others, 
selecting a specific approach depends on its alignment with organizational require-
ments and its ability to achieve pre-defined objectives.

2. �Literature review

Many manufacturing companies have modified their production processes by 
integrating the pursuit of process improvement strategies with the significance of 
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meeting current business demands. The case studies of Aqlan and Al-Fandi [6] and 
Mulufeta [10] revealed that reducing cycle time, throughput time, and lead time, 
the ratio of cycle time to takt time, and work standardization leads to an increase 
in organizational productivity and efficiency. Furthermore, SMEs that implement 
process improvement initiatives can reduce the level of work-in-process (WIP) 
inventory [11], operational cost, and on-time delivery [12] while increasing profit and 
shareholder value, and generating positive organizational outcomes [5].

The strategies for embedding and sustaining process improvement initiatives 
without reverting to past practices [13] remain underexplored. The application of 
changes is a key challenge in process improvement [14]. Antony and Gupta [15] high-
lighted the lack of managerial commitment and support, inadequate communication, 
incompetent team, poor training and learning, inappropriate selection of process 
improvement methodologies and techniques, ineffective rewards and recognition sys-
tem, scope creepiness, sub-optimal team size, inconsistent monitoring and control, 
and resistance to change as the top 10 reasons why process improvement efforts fail to 
increase business performance.

The lack of process improvement approaches renders it challenging to fully 
meet all requirements [16]. Improving organizational processes can range from 
minor modifications to major transformations. This spectrum of adjustments relies 
on adopting an approach that facilitates the execution of planned improvements and 
yielding of anticipated changes. The changes applied without an organized approach 
may lack the structure required to determine whether the organization has success-
fully improved its processes. Overall, using adequate methods designed to identify 
the root causes of problems, eliminating waste, and addressing variations is key to 
attaining improvement [2].

2.1 Lean manufacturing implementation

The lean manufacturing approach proved to be the most suitable process improve-
ment method for most companies to resolve encountered problems. Lean manufac-
turing seeks to increase profitability, customer satisfaction, employee motivation, 
quality, and low manufacturing costs by identifying and eliminating waste by reduc-
ing the waiting time between customer requests and lead time. From the customer’s 
perspective, waste implies activities with no added value [17]. Scholars have used 
single case study [18–20] and multiple case study [21] methodologies to examine lean 
manufacturing implementation. The selection between these methodologies depends 
on the research context.

Surveys are used for investigating lean implementation [22]. Dadashnejad and 
Valmohammadi [23] employed a set of questionnaires to gather and evaluate employ-
ees’ perceptions of current processes and operational losses in one manufacturing 
firm. Lucato et al. [24] also examined lean practices in 51 companies of varying sizes 
and industrial sectors. The survey revealed key variations in the success of organi-
zational lean initiatives. Belekoukias et al. [25] employed linear regression analysis 
to explore the relationship between essential lean tools and operational performance 
measures by modeling the correlation and impact of lean manufacturing practices 
on 140 manufacturers. Given the focus on subjective opinions rather than objective 
results, the survey method does not fully capture lean implementation.

Hence, lean implementation studies should emphasize empirical approaches to 
refine and validate existing theories [26]. Empirical works have delineated how lean 
implementation affects performance measures. A comparison of the various models 
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integrating the theory of constraints (TOC) with lean manufacturing revealed both 
elements to be complementary [27]. This theory aims at identifying and addressing 
production process bottlenecks to optimize throughput, while lean focuses on system-
atic waste reduction and elimination for improved efficiency.

Value stream mapping (VSM) is vital for facilitating lean implementation [28]. 
This instrument is used as the initial step in TOC to identify organizational waste 
while mapping value-adding activities and information flow in current production 
processes [27]. This robust lean tool was employed by Memari et al. [20] to perform 
activities analysis and identify the waste caused by inefficient layout and imbal-
anced production lines, leading to excessive WIP and unnecessary transportation. 
Meanwhile, Lacerda et al. [11] applied this tool to pinpoint the bottlenecks in generat-
ing plastic automotive components. These investigations, which solely focused on 
specific production processes without considering the overall product flow in the 
value stream, underscored discrepancies between the operation and available time for 
each operator.

Notwithstanding, static VSM fails to determine the complexity of actual processes 
[29], analyzes the component interactions in a production system, and provides the 
capability to verify or validate proposed system performance pre-implementation 
[30]. Irani and Zhou [31] claimed that using VSM in isolation may not generate 
meaningful results in certain scenarios. When applied to multiple products with 
different production flow patterns, this tool can prove ineffective. Moreover, VSM 
does not incorporate economic measures of value and adequately depict the impact of 
inefficient flows on WIP and product throughput, hence limiting its applicability in 
complex production settings.

Organizations have adopted and implemented lean manufacturing based on their 
operational settings [32]. Nevertheless, some researchers choose not to use VSM given 
lean implementation’s absence of universality. Mulugeta’s [10] time study conducted 
to identify waste and improve productivity in a garment manufacturing company 
highlighted excessive movement and transportation of workpieces between worksta-
tions as sources of waste. Khan et al. [19] similarly identified problems in an interior 
design company with Pareto charts and Ishikawa diagrams via Kaizen, 5S, and 
modification of organizational charts, leading to operational improvements.

Many companies struggle to align their approaches with the management control 
used to coordinate the process inputs, the process itself, and the process outputs and 
reduce the effectiveness of lean implementation [33]. This problem is exacerbated for 
SMEs, given their constrained resources [5]. Lugert et al. [32] also critiqued on how 
most lean implementation studies prioritize operational performance improvement 
over the key connection between strategic planning and production processes. Singh 
and Singh [2] recommended integrating distinctive approaches to address these weak-
nesses and generate optimal outcomes.

2.2 Computer modeling and simulation

Computer modeling and simulation methods are extensively employed to provide a 
risk-free environment for evaluating the impact of changes in procedures, processes, and 
information flow to support process improvement initiatives [34]. Based on Buer et al. 
[35], emergent technologies serve as a key competitive advantage that improves integrated 
production processes and operational performance. A robust computer model enables 
companies to address questions on system modeling, explore alternative scenarios testing, 
visualize processes with clarity, and alleviate financial risks [36].
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The information derived from computer simulation facilitates decision-making 
in lean manufacturing implementation while also driving companies via the execu-
tion process to attain the desired outcomes [37]. Computer modeling and simulation 
provide decision-makers with optimal or near-optimal solutions. These operational 
tools facilitate the quantification of scenarios pre- and post-implementation [38] 
to prevent the potential failures resulting from adjustments or modifications and 
delineate system behavior via numerical assessment.

2.2.1 DES application

As hand-drawn maps frequently fail to capture intricate details, static VSM 
encounters limitations in addressing complex processes in the context of lean imple-
mentation. An enhanced VSM method incorporating DES was developed to improve 
operational performance. Combining process mapping and computer simulation is 
a key to evaluating multiple improvement scenarios and predicting their potential 
outcomes [39]. This instrument increases the level of detail for a more accurate repre-
sentation of production processes. Managers who implement the enhanced VSM can 
identify time-related and other categories of waste to gauge effective management 
outputs [40].

Abdulmalek and Rajgopal [37] identified high production waiting times as a 
source of waste by examining the production processes of several grades of steel 
used in appliance manufacturing. A hybrid production system integrated with total 
productive maintenance was proposed to effectively reduce the total production 
lead time and the average inventory levels across all production stations. Likewise, 
Schmidtke et al.’s [41] case study on the production of exhaust gas purification 
catalysts revealed high inventory levels and excessive motion due to long production 
lead time and ambiguity in customer orders. Implementing process integration, 
controlling the production process at a single step designated as the pacemaker, and 
maintaining an optimal WIP level in the future state were proposed as three key 
improvement strategies.

Helleno et al. [29], who examined a manufacturing cell in the Brazilian metal 
industry, highlighted the need to increase production capacity in the wake of high 
demand fluctuations. Proportionally increasing current resources, which resulted 
in the lowest investment cost and greater flexibility, and adopting new process 
technologies, which required higher investment but achieved better productivity, 
were the strategies proposed. Omogbai and Salonitis [42] addressed material delays 
that increase processing times in their case study by re-routing production flow to 
minimize changeover time and WIP and improve machine utilization. Similarly, 
Mohd Yusoof et al.’s [43] study involving a Malaysian automotive manufacturing plant 
indicated an imbalanced workload across assembly workstations as a key challenge. 
The plant effectively improved production volume and overall productivity by rear-
ranging the layout, adding a workstation, and balancing operator workloads.

Using a combination of lean, simulation, and optimization, Uriarte et al. [44] 
targeted increased production capacity in a highly variable production environment 
to improve an automotive component machining line’s performance. Despite the lack 
of details on specific improvement strategies, their approach successfully enhanced 
material flow, optimized layouts, and integrated the new transport system with exist-
ing production to reduce waiting time, unnecessary transport, and inventory levels. 
Yang et al. [36] examined a fishing net production system with the same approach to 
determine the optimal combination of five key parameters with minimal performance 
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variance. The case study, which involved the same company as in their previous 
research, focused on strategic planning decisions. Notwithstanding, this study solely 
concentrated on the operational level.

2.2.2 SD application

The SD served as a simulation tool for improving process improvement and 
business performance via scenarios that evaluate potential strategic actions for future 
decision-making. Specifically, Georgiadis [45] examined the impact of capacity 
planning policies on long-term profitability by structuring an SD model to assess the 
decision-making process, which balances profit and capacity utilization. Mendoza 
et al. [46] used the SD model to explore different aggregate production planning 
strategies and analyze how demand variability and production time affect supply 
chain performance. Likewise, Deif and El-Maraghy [47] developed this model to 
explore the effects of implementing production leveling on key performance indica-
tors of inventory levels, lead time, and customer satisfaction.

To simulate the capacity investment and formation patterns of self-interested 
production agents, Wang et al. [48] constructed an SD model to aid decision-makers 
in visualizing the dynamics of capacity formation and waste material exchanges, 
testing different capacity planning and incentivization strategies, and investigating 
the impact of price disruptions. An SD model was established by Suryani et al. [49] 
to address corn productivity and production issues resulting from land expansion by 
adding feedback loops, introducing new parameters, modifying the feedback loop 
structures, and altering model parameters. Moreover, Filho and Uzsoy [50] integrated 
an SD model with a factory physics approach to analyze the impact of simultaneous 
continuous improvement in setup and repair time on manufacturing cycle time in 
uncertain conditions.

The reviewed SD papers are independent studies that collectively enhance deci-
sion-making via scenario development. With each study addressing a novel problem, 
SD models serve to evaluate the impact of strategic actions on key performance indi-
cators. These approaches indicate positive results in improving current performance, 
albeit with a sole focus on isolated improvement aspects. Potential synergies between 
strategic and operational levels were left unexamined.

2.2.3 Combination of DES and SD

Both DES and SD varied in their focus and methodology. The DES is stochastic in 
nature and emphasizes the finer details of a system that generates varying results with 
each run. Multiple executions and statistical methods are required for this variability, 
necessitating the analysis of the outcomes. Conversely, SD only requires a single 
execution to produce consistent results with every run. The inclusion of SD or DES in 
a process improvement project must be justified by their ability to reduce implemen-
tation risks, as computer simulation models incorporate time as a critical factor [51]. 
It is vital to understand how process changes impact key performance measures for 
organizational success [39].

The integration of DES and SD is a hybrid approach to harnessing the strengths of 
both techniques and addressing complex systems that prioritize detailed event-based 
interactions and dynamic system behaviors. Brailsford et al. [52] categorized types 
of integration into three categories: (i) automated integration contained within a 
commercial software package (CSP); (ii) manual integration, literally copying and 
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pasting data from one CSP into another; and (iii) integration using intermediate 
tools, such as Microsoft Excel. Regardless, the number of comprehensive frameworks 
outlining the full range of options available to modelers remains lacking. Technical 
considerations for integrating these methods and the significance of project-specific 
contexts are key aspects that remain relatively unaddressed [52, 53].

In process improvement, the combined use of DES and SD provides an innovative 
and comprehensive approach. Bowles and Gardiner’s [39] study involving a manu-
facturer of pre-hung door machinery aimed to improve its design document control 
process by forming a cross-functional team for prioritization and approval and 
establishing standard operating procedures (SOP) for the engineering group. These 
measures effectively addressed 10 out of the 19 issues pertaining to the document 
control process. The SD was used to supplement the insights gained from process 
mapping and evaluate the impact of various process improvement scenarios on 
multiple performance measures during their redesign phase.

Bowles and Gardiner’s [39] use of SD supported the recommendations developed 
via process mapping, with additional insights leading to further suggestions for 
improvement. Notwithstanding, the current SD model served to assess the predeter-
mined strategies for adding production capacity following the optimal capacity value 
elicited from the process improvement strategy developed via DES. A sequential 
mixed-method approach comprising DES and SD was employed in the following case 
study, drawing on the methodology outlined by Morgan et al. [53]. This approach was 
used to evaluate different levels of production process improvement strategies and 
holistically facilitate the company’s exploration of various scenarios.

3. �Case study

The case study chose to examine a sample company manufacturing various 
aluminum casting products. This SME operates a job shop production system com-
prising three key stages: diecasting, secondary processing, and machining. Following 
a pre-defined process sequence, production is organized in batches and adheres to 
standard process cycle times. Products move sequentially through these stages and 
advance to the next stage only after the batch reaches the predetermined quantity at 
each stage. The machining processes were identified as bottleneck processes, limit-
ing the overall system capacity, with each bottleneck process having a cycle time of 
400 seconds per unit.

The monthly production time available was 28,380 minutes, based on two daily 
shifts of 10.75 hours each and over 22 working days per month, as per the production 
planner. The theoretical maximum production capacity was calculated at 4257 units 
per month with this value. Specifically, the total production time available was 
divided by the bottleneck process cycle time. The monthly production target was 
set at 4000 units, which accounted for rejection and downtime. The organizational 
challenges were evidenced by comparing planned and actual production outputs over 
6 months. While the planned quantity remained a fixed quantity each month, the 
actual production output was found to fluctuate.

The planned targets were not attained despite the implementation of a fully auto-
mated high-pressure robotic diecasting process in the production plant. This failure 
can disrupt delivery schedules, lower customer satisfaction, compel customers to 
switch to competitors with more reliable alternatives, and undermine the company’s 
long-term competitiveness and market reputation. Notably, companies with extended 
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production time are unable to swiftly adapt to order volume fluctuations, hence 
reducing operational flexibility. The organizational management should actively seek 
optimal solutions to improve production process efficiencies.

Companies also strive to increase production capacity and accommodate 
growing workloads, particularly when current production processes have reached 
their limits or cannot be scaled further, using relevant strategies. The need for 
transformative innovations becomes evident with the continuous rise in customer 
demand. Expanding production capacity potentially enhances the organizational 
ability to receive more orders and address customer demands. Nonetheless, the 
complexities underlying production capacity expansion necessitate serious con-
sideration of the expansion time required, the risks related to investments in new 
facilities and technology upgrades, budget constraints, and current operational 
capabilities.

4. �Methodology

The research flow (refer to Figure 1) starts by formulating the problem before 
developing the research objectives. This step requires a sound understanding of the 
existing production system and the challenges encountered by the sample company. 
This method involves determining the performance metrics to measure the system 
of interest and outlining the performance objectives to be achieved. The subsequent 
step entails collecting data in the form of input parameters and supplementary details 
necessary to represent the system.

Figure 1. 
Research flow framework.
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Direct observations made during plant visits, focus group interviews, and the 
assessment of production reports and process flow charts served as empirical data. 
Subsequently, a detailed simulation specification and a computer model accurately 
representing the actual system were developed once the collected data was aligned 
with the established research objectives. Known as the “base model,” this representa-
tion defines the various components in the production processes, their interrela-
tionship, and flow of inputs and outputs throughout the system to ensure that the 
simulation model encompasses all key aspects. The design phase begins by thoroughly 
analyzing the system components, which includes the machinery and manpower 
involved, production flow and sequence, as well as production planning schedules. In 
this vein, the built computer model reflects the complexities and interdependencies 
inherent in the actual production environment.

Experiments are then conducted by identifying potential scenarios to explore, 
adjusting input parameters, policies, and conditions, and estimating model outputs 
via statistical methods. This study provided a sound understanding of the system’s 
behavior, evaluated different improvement strategies, and measured the impact of 
changes by running multiple simulations and analyzing the elicited outcomes. With 
regard to DES, this iterative process also applies to the SD model development. The 
optimized parameters derived from DES (capacity and throughput time) served as 
key inputs for SD model construction in addition to using the collected data. These 
parameters provided key insights into production capacity by calculating the quantity 
that can be produced during normal production hours and overtime.

5. �Results and discussion

The results of this study aimed at evaluating process improvement strategies in 
improving existing production processes. The study employs an integrated approach, 
combining DES and SD. This integration offers a comprehensive assessment of both 
short-term operational performance and long-term capacity planning. By integrating 
empirical data with simulation models, this approach evaluates the impact of produc-
tion process improvement strategies and offers practical recommendations prior to 
implementation.

5.1 Scenario testing of DES model

The simulation results of the “base model” indicate that the system’s average 
throughput time is 1619.8 minutes, with 1599.1 minutes spent in queues. These 
findings highlight significant inefficiencies within the system, where transforming 
a single product from raw material to a finished good takes approximately 16.2 min-
utes. Consequently, for the sample company to produce 4000 units in a month, a 
total production time of 64,792 minutes is required. This underscores that the actual 
production processes are severely impacted by substantial delays caused by prolonged 
waiting times between production stages. To meet the desired production output, 
align with planning targets, and optimize capacity, substantial improvements to the 
existing production processes are imperative.

The base model was modified to assess improvement strategies through scenario 
testing. In the first adjustment (referred to as the improvement scenario one model), 
the machinery involving three machines was restructured to resolve bottlenecks at 
machines two and three. These two bottleneck processes were reorganized to operate 
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in parallel, allowing them to function simultaneously and improving the overall 
production flow. This modification was based on the similarity between the two 
processes, with the only difference being the type of cutting performed.

Consequently, the modifications from the model of improvement scenario one 
were retained, with additional adjustments made (referred to as the improvement 
scenario two model). The key adjustment involved dividing the created entity into 
smaller batches, a strategy known as production leveling. The second modification 
introduced a more flexible approach by subdividing the total entities created into 
smaller batches when transitioning between modules.

In the following scenario testing, the changes involve maintaining smaller batches 
for the total production quantity while reverting the arrangement of machines 2 and 
3 from a parallel configuration back to the original series configuration (referred to 
as the improvement scenario three model). The aim of this change is to assess which 
modification yields the best results. Surprisingly, the simulation outcomes for this 
scenario testing are significantly better than those of the previous two improvement 
scenarios.

5.1.1 DES results

Table 1 presents a comparison of the simulation results for the base model and the 
three proposed improvement scenarios. This analysis offers valuable insights into the 
impact of each modification on production efficiency by reducing throughput time, 
waiting time, and the number of WIP while also exploring innovative solutions that 
can drive substantial productivity gains. Such a comprehensive comparison enables 
informed decision-making in process optimization. By examining these results, 
the sample company’s management can determine which strategy delivers the most 
significant improvements before implementation. This analysis highlights the role of 
data-driven decision-making in enhancing operational performance. The decision to 
test the improvement strategies focuses on leveraging internal resources and capabili-
ties while aligning them with the company’s existing challenges.

The substantial improvements presented in Table 1, with improvement scenario 
three achieving an impressive 71% reduction in throughput time, highlight the 
effectiveness of the proposed strategies. These efficiency gains allow the sample 
company to meet its monthly production targets while adapting more effectively to 
market demands. By optimizing batch sizing through production scheduling, the 
company can now produce up to 6000 units per month without incurring additional 
operational costs as well as disrupting the delivery schedules.

By leveraging simulation-based experimentation, the sample company gains a 
powerful tool to thoroughly analyze its existing production processes. This approach 

Performance measures Simulation model

Base Scenario 1 Scenario 2 Scenario 3

Average throughput time (minutes) 1619.8 1192.1 595.2 471.9

Average waiting time (minutes) 1599.1 1171.9 573.6 450.2

Production time required (minutes) 64,792 47,708 23,808 18,876

Table 1. 
Comparison of simulation results.
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enables a detailed examination of workflows and process bottlenecks, providing 
insights that would be difficult to achieve through VSM analysis. Using simulation 
analysis, the company can systematically identify waste and constraints, which often 
go unnoticed in complex production systems. Eliminating or minimizing these inef-
ficiencies not only streamlines operations but also improves overall productivity.

5.2 Scenario testing of SD model

A stock-and-flow diagram is a quantitative model derived from the interconnec-
tions of variables forming a causal loop diagram. It integrates equations and relevant 
input parameters drawn from production records, management decisions, and 
optimized outputs generated by the developed DES model, such as throughput times 
and the maximum units producible within the available monthly production time. 
This SD model operates on the assumption that the current production processes have 
reached their capacity limits and cannot be further scaled. As a result, it underscores 
the need for improvement strategies aimed at increasing production capacity and 
capturing additional orders to support future growth.

Two actionable strategies were identified for scenario testing: implementing 
overtime work and outsourcing, as decided by the sample company’s management. 
These strategies aim to expand production capacity through quick wins and cost-
effective solutions that avoid significant investments and technical complexities. 
While conventional methods can provide estimates of the potential outcomes of 
these strategies, SD techniques offer a more detailed analysis of the entire system and 
extensive system feedback.

Based on the results of the improved DES model, the current production capac-
ity is approximately 6000 units per month. Outsourcing adds an extra capacity of 
up to 2000 units per month. Additional units can alternatively be produced during 
overtime, depending on the number of overtime days in a month. The overtime 
duration is divided by the optimized throughput time generated by the DES model to 
determine how many units can be produced within this period. Implementing both 
improvement strategies at maximum capacity may lead to operational constraints, 
including storage issues, overproduction, and waste.

5.2.1 SD results

The first scenario for increasing production capacity focuses on testing a single 
strategy. By utilizing the outsourcing strategy alone, the sample company can achieve 
the desired production increase, as the outsourcing partner can produce up to 2000 
additional units per month. Nonetheless, this approach leaves no allowance for 
rejected units, as the production output is already at its maximum capacity. Moreover, 
this strategy proves less profitable because each outsourced unit costs 16% more than 
the internal operating cost.

With an estimated operating cost of RM180.00 per unit, meeting the addi-
tional production demand would require outsourcing 2000 units at a cost of 
RM208.80 per unit. This results in a total monthly expense of RM417,600, which 
is RM57,600 higher than the production cost of RM360,000 for producing the 
same quantity internally. This increased expense would ultimately reduce the 
company’s profit margin.

While using the overtime strategy only, the sample company could produce 
up to 2198 additional units per month by operating continuously, with two daily 
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shifts of 10.75 hours each over 30 working days, totaling 38,700 minutes of 
production time. Dividing this total production time by the optimized throughput 
time of 4.72 minutes per unit, as determined by the DES model, yields a total 
output of 8198 units per month. After accounting for rejections and downtime, 
subtracting the 6000 units produced during regular working hours results in a 
generation of 2000 units’ net.

However, operating continuously, including weekends, is impractical for the 
production department. Sustained strain on resources and personnel could result in 
diminishing returns, increased fatigue, and a higher likelihood of errors, ultimately 
making this strategy unsustainable. Additionally, operating costs increase by 7% 
per unit with this strategy, raising the cost per unit to RM192.60. Multiplying this by 
2000 units results in a monthly overtime cost of RM385,200.

In meeting customer demand effectively, the sample company must integrate both 
strategies. By utilizing overtime and outsourcing, the sample company can balance 
the production load, preventing overburdening of both the internal workforce and 
external facilities. The goal is to determine the optimal combination of these strate-
gies to achieve the desired increase in production capacity in a cost-effective and 
efficient way. To enhance the outcomes, the initial SD model was modified by adding 
a proportionality variable.

To increase production from 6000 to 7000 units per month, the sample company 
utilizes 20% of the maximum output from the outsourcing partner and 40% from 
overtime. For the next increment, reaching 8000 units per month, the sample com-
pany relies on 45% outsourcing and 55% overtime. By refining the simulation model, 
the company determined that producing an additional 2000 units per month would 
increase operating costs by RM399,780. This approach saves RM17,820 compared to 
relying solely on the outsourcing strategy.

5.3 Discussion

VSM, a widely used lean manufacturing tool, is effective in identifying non-
value-added activities within processes and resolving bottleneck issues [54]. 
Al-Rifai [55] emphasized that a detailed analysis of manufacturing processes 
using VSM can yield substantial benefits by overcoming operational challenges 
through streamlining operations. Chao et al. [56] suggest that the effectiveness 
of VSM analysis can be further enhanced by integrating computer simulation, as 
the transformation of existing production processes requires the incorporation of 
information systems.

This study adopts an approach that combines process flow mapping with DES 
modeling to diagnose problems within the production process. While many studies 
rely solely on VSM to identify bottlenecks as the primary source of inefficiencies [57, 
58], this study reveals that the bottleneck processes are not the main factor hinder-
ing the sample company from achieving its planned production targets. Instead, the 
simulation analysis uncovers significant delays caused by extended waiting times 
between production stages, which slow down operations and prolong production 
processing durations.

Most studies combining VSM with simulation modeling follow an approach that 
includes developing a current-state map, analyzing the outcomes, and optimizing the 
process by designing a future state map. Addressing various challenges often requires 
improvement strategies tailored to specific production environments, considering 
unique needs, available resources, and minimal investments. The main goal of such 
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studies is to improve the operational performance of existing production processes 
by minimizing or eliminating waste. This improvement is evaluated by analyzing 
simulation results and calculating the percentage of achievement, as highlighted by 
Reda and Dvivedi [59], Mishra et al. [60], and many others.

In this study, parallel production, production leveling, and a combination of 
both were implemented as improvement strategies to optimize the current produc-
tion process. Analysis from the scenario testing indicated that production leveling 
produced the most notable improvements compared to the other approaches. It 
effectively reduced throughput time and waiting time between production stages. A 
reduction in delays significantly improved productivity and efficiency, creating the 
capacity to produce an additional 2000 units. The company also can fully achieve its 
planned monthly production target of 4000 units, well within the available monthly 
production time.

Furthermore, the approach used in this study goes beyond a single approach in the 
process improvement study. By combining DES and SD, this hybrid approach not only 
focuses on waste reduction and process optimization but also strategically plans for 
future production capacity increases to meet additional demand. This combination is 
referred to as a sequential approach, where two or more distinct models are executed 
in sequence, with the output of one serving as the input for the next model [53]. 
Real-world problems and manufacturing operations are inherently complex, featur-
ing many variables and characteristics, making it uncommon for a single method to 
effectively address all of them [52].

This study used optimized parameters from the DES simulation results of the 
designed future state map as input for the SD model. Scenario testing of the SD model 
was then analyzed to identify practical strategies for expanding production capac-
ity cost-effectively. While the hybrid simulation approach among scholars remains 
relatively underrepresented, and the technique of combined simulation methods was 
unclear [52], this study presents a novel approach. It allows decision-makers to assess 
different improvement strategies before implementation to tackle modern, complex 
business challenges.

6. �Conclusion

Manufacturing companies are undergoing significant transformations driven by 
various factors, including increasingly volatile markets, shifting customer demands, 
shorter product life cycles, and rising complexity. In such a dynamic environment, 
static production systems are becoming less effective as they struggle to keep up with 
evolving needs. Moreover, the ongoing digitalization of production plays a crucial role 
in reshaping operations. These trends highlight the growing need for flexible produc-
tion systems, which require both short-term adjustments to the value stream and 
cost-effective long-term strategies.

In conclusion, this study makes a significant contribution to the field of opera-
tions management, particularly in enhancing production processes. By combining 
DES and SD, it introduces an innovative approach for evaluating the effectiveness 
of various improvement strategies. Academically, the study advances knowledge by 
demonstrating the practical application of these advanced methods in real-world 
contexts, bridging the gap between theoretical research and industrial practice. These 
contributions are invaluable for researchers and practitioners aiming to develop data-
driven, scalable solutions for production process improvement.
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Moreover, the use of computer simulation techniques in this study allowed the 
company to assess the potential impacts of proposed strategies in a controlled, 
risk-free environment. This approach facilitated detailed scenario analysis, enabling 
comparisons of different strategies under varying conditions. As a result, the sample 
company identified and implemented methods specifically suited to its operational 
needs and business priorities. The insights derived from these simulations supported 
informed decision-making, reducing reliance on costly trial-and-error methods in 
real-world operations.
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