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ABSTRACT 

Sorayya Amirahmadi: Developing simulation tools for capacity management in an outsourced 

supply chain.  

Master of Science 

Tampere University 

Degree Programme in Industrial Engineering, Business, and Technology 

October 2025 

 

Outsourcing to subcontractors has become a common practice, enabling businesses to focus 

better on their core business. Capacity management in subcontractor networks is a pivotal factor 

in ensuring delivery reliability and cost efficiency. Subcontractors with a medium production vol-

ume and a high variety of products often serve multiple customers with different priorities, creating 

bottlenecks, inefficiencies for both subcontractors and main operators. Ineffective capacity bal-

ance in the subcontractor aspect can have an impact on late deliveries, backlogs, and decreased 

profitability. 

This research aimed to examine how subcontractor capacity management can be improved 

through simulation modeling. A theoretical foundation for capacity planning, supply chain man-

agement, and simulation modeling was provided in order to accomplish this goal. Bottlenecks at 

subcontractor workstations and limitations of traditional delivery-reliability metrics have been 

found as two main areas that can be addressed to enhance the current state of the subcontrac-

tors' networks. Based on assessment and literature study, a simulation model was developed 

following the eight-step simulation development process. The research has also been built around 

designing, structuring, and validating the model. Lastly, the model has been validated by using 

sensitivity analyses and testing multiple scenarios to improve subcontractor operations and bal-

ance customer priorities.  

For more research, simulation modelling should include more networks and be expanded for more 

workstations within the production systems. Additionally, simulation-based strategies and their 

long-term impact on supply chain collaboration could be valuable for further studies. 

Keywords: Capacity management, subcontractors, high-mix low-volume, supply chain, simulation 

modeling 

The originality of this thesis has been verified using the Turnitin Originality Check service. 
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1.  INTRODUCTION 

1.1. Background 

Supply chain management (SCM) can be defined in numerous ways, but it is often de-

fined as a process of coordinating and integrating key business processes, such as sys-

temic procurement, production, and distribution both internally and externally within the 

company, with the objective of the long-term performance of individual businesses and 

the supply chain as a whole (Mentzer et al., 2001). Thus, supply chain systems become 

more complex, and disruptions are often associated with operational and financial risks 

(Craighead et al., 2007). While operational risks might include inventory shortages and 

production delays, financial risks often involve increased costs, lost revenue, and con-

tractual penalties due to the lack of expected performance. 

Effective supply chain performance requires organizations to take into consideration sev-

eral key factors such as efficiency, flexibility, and responsiveness (Paramitha, Santosa, 

& Triwulandari, 2023). Efficiency evaluates how resources are managed, flexibility as-

sesses the adaptivity of the supply chain to change, and responsiveness measures the 

lead-time between product request and delivery (Aramyan, 2007). In addition to these 

factors, interdependence within the supply chain is essential for understanding perfor-

mance outcomes, as integration across internal and external actors plays a critical role 

(Yang and Shou, 2022) 

Considering the supply chain networks, capacity challenges between main operators 

and subcontractors are a critical source of inefficiency and delivery unreliability (Rahman, 

Endut, & Faisol, 2013). While outsourcing and subcontracting can be cost-effective, it 

can also increase a supply chain’s vulnerability to disruptions, especially when subcon-

tractors serve multiple clients with competing priorities (Katsaliaki, Galetsi and Kumar, 

2022). Therefore, the subcontractors might be unable to meet the required demands, 

leading to a shortage of outsourced components for the main operator, which can cause 

financial losses and reduce customer satisfaction for both sides (Akintan & Morledge, 

2013). 
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According to Kumar & Banerjee (2012), coordination enables firms to leverage comple-

mentary capabilities, achieving common goals that are not attainable independently Ku-

mar & Banerjee, 2012). Therefore, the degree of collaboration between them also needs 

to be determined and enhanced, which demands metrics to make sure about the effec-

tiveness of the relationship (According to Gunasekaran, 2001). 

For understanding, analyzing, and optimizing complex supply chain processes, simula-

tion can be employed. Lou et al. (2020) provided a framework for how to optimize sup-

plier selection and manage capacity constraints by modelling product supply-demand 

relationships. Such simulation-based approaches are crucial for developing strong sup-

plier networks with the capability of adapting to varying demand and supply conditions. 

However, most of the current research and simulation-based studies address the large 

enterprises. These studies often do not consider challenges faced by SMEs, which pre-

sents a notable gap in the current literature. 

1.2. Project Group 

The simulation-based capacity planning project has been carried out as a part of re-

search and development projects at Savonia University of Applied Sciences, under the 

coordination of a dedicated project group specializing in simulation-based innovation. 

The project group leverages simulation modeling to address challenges in industrial pro-

cesses, production planning, supply chain management, and sustainability assess-

ments. Their work supports digital transformation of manufacturing companies in North 

Savo and beyond, offering state-of-the-art tools for capacity optimization, scenario anal-

ysis, and predictive decision-making. This thesis represents part of these simulation pro-

jects, supporting the group’s initiatives. 

This thesis is a part of ongoing efforts that focus on a case-based simulation model aimed 

at analyzing and improving specific industrial capacity challenges. Through carrying out 

this, it supports the objective of the group in building general simulation frameworks and 

operational models that all companies can benefit from with different needs. These case 

companies operate in the hydraulic cylinder manufacturing sector and include one main 

operator and two subcontractors. Through this collaboration, the project helps reduce 

the existing gap between theory and practice by offering reliable simulation solutions in 

the industrial sector. 
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1.3. Research Objectives and Questions 

The main objective of this research is to show how to use simulation modeling to evaluate 

and improve the capacity management of subcontractors within a supplier network. The 

importance of the capacity of supplier networks and individual subcontractors is because 

the main operator needs to ensure a seamless production process without delay or dis-

ruptions. Traditionally, this understanding has been developed over time by tracking 

measures such as delivery reliability. However, this method faces limitations as it in-

volves one-sided measurements. This means not considering the subcontractors’ oper-

ations in a broader context in which they serve several equally significant customers. 

Additionally, in previous operating strategies, the main operators set the orders and de-

livery dates. As a result, the subcontractor remains in a reactive role and further collab-

oration is prevented. 

The goal of this research is to enhance practices for collaboration between the main 

operator and the subcontractors. The study exclusively focuses on developing the sim-

ulation model and strategies from the subcontractor’s point of view in aligning their op-

erations with customer needs, thereby improving flexibility, efficiency, and profitability.  

 

Main Research Questions: 

1. How to build a simulation model that can support and evaluate and subcontractor 

capacity within a multi-customer supply chain? 

2. What simulation-based strategies can improve the operational flexibility and prof-

itability for subcontractors in high-mix, low-volume (HMLV) manufacturing sys-

tems? 

Sub-Questions: 

3. What are the limitations of traditional delivery reliability metrics, such as delivery 

reliability, in assessing supplier capacity from a network-wide perspective? 

4. How can subcontractors balance and prioritize their operations while simultane-

ously serving multiple key customers? 

5. How can small and medium-sized industrial enterprises adopt simulation models 

for improving supply chain collaboration and subcontractor operations?  
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1.4. Research Process and Thesis Structure 

This thesis follows a structured research process, starting with a review of the relevant 

past literature and case context, followed by data collection, simulation model develop-

ment, and analysis. The goal of this research is to examine capacity planning challenges 

in subcontractor networks and explore simulation-based strategies for capacity improve-

ment. 

The research begins by exploring the challenges through theoretical foundations in sup-

ply chain management, capacity planning, and simulation modeling. Then, a case-based 

approach is used to develop and test a simulation model in collaboration with industrial 

partners. The simulation setup, data handling, and analysis are iteratively refined to en-

sure realistic modeling of subcontractor production constraints. 

The thesis is structured in five main chapters. Chapter 1 introduces the background, 

project context, research objectives, and the overall research roadmap. Chapter 2 ex-

plores the theoretical framework supporting the study. Chapter 3 presents the research 

methodology, including case selection, philosophical approach, and data techniques. 

Chapter 4 discusses simulation model building and analysis from problem formulation to 

model validation. Chapter 5 discusses the results and different scenarios. Finally, Chap-

ter 6 concludes with key findings, limitations, and directions for future research. 
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2. RESEARCH METHODOLOGIES 

This chapter presents the employed research methods as well as data collection proce-

dures and data analysis. The research is conducted on finding challenges of capacity 

planning and subcontractor relationships in high-mix and low-volume industries.  

2.1. Case selection 

In this study, three firms have been chosen to explore the dynamics of capacity planning 

and subcontractor cooperation in real-world manufacturing settings. The selection has 

been based on their interconnected role in a supply chain that demonstrates high com-

plexity, order volume variability, and strategic outsourcing techniques. The businesses 

involve two subcontractors (Company B and Company C) and the primary operator 

(Company A), presenting an outsourced supply chain with a collaborative perspective. 

Figure 1 depicts the relationship between the main operator and the subcontractors. 

 

Figure 1. Main operator and subcontractors’ relationships. 

Company A operates in the manufacturing industry by supplying power and control so-

lutions for various types of heavy machinery. This enterprise focuses on customized sys-

tem design to improve equipment performance and efficiency in sectors such as mobile 

machinery and industrial applications. To focus on its core business functions, a portion 

of manufacturing activities is outsourced to smaller subcontractors, which play a central 

role in its supply network. 
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Company B operates as a precision component manufacturer that partners with larger 

industrial firms through subcontracting services. Company B is a precision machine sub-

contractor that collaborates with larger industrial firms. This company acts as a subcon-

tractor in this study. Company C, a precision component manufacturer, also provides a 

range of machining and assembly services.  Its operations are distinguished by the 

adaptability to customer demands, as well as the ability to manage both small-batch and 

high-volume production. This company also behaves as a subcontractor in this study. 

2.2. Research methodological decisions 

This section describes the key methodological decisions that are made to shape the 

research process. The research onion framework has been chosen to go through each 

layer of research decisions. Each decision, including those related to philosophical 

stance, approach to theory development, and data processing, has been made consid-

ering the research nature, which centers the capacity planning strategies among sub-

contractors in high-mix, low-volume (HMLV) manufacturing environments using simula-

tion-based tools. Figure 2 illustrates the research onion framework. 

 

Figure 2. Research onion (Saunders, Lewis and Thornhill, 2023). 
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Starting with philosophy, which defined as a set of presumptions and beliefs regarding 

the advancement of knowledge (Saunders, Lewis and Thornhill, 2023). This research 

adopts a pragmatic philosophy since it is focused on solution-based and practical out-

comes rather than instead of strictly following positivism or interpretivism. The main rea-

son why this method has been chosen is due to the nature of quantitative simulation 

modeling (which aligns with positivist principles), with qualitative insights from real SME 

context (which reflects interpretivist tendencies). Given this perspective, pragmatism en-

ables research to address the main research questions: how subcontractors can improve 

their capacity management and how simulation tools can support this improvement. 

The approach in the theoretical development of this study follows an abductive approach. 

This is because in an abductive approach, the data collection is done in order to generate 

new models or modify the past ones for reliable conclusions (Saunders, Lewis and 

Thornhill, 2023). Initially, Theoretical studies on capacity planning and simulation have 

been explored to direct model development. Simultaneously, the meetings with case 

companies to investigate the underlying cause of the issue were taking place. The initial 

data was created with the AI-generated database, then the companies provided us with 

the real data to check the validation of the constructed model. The continuous interplay 

between data and theory supports an adaptive understanding of subcontractor dynamics 

and simulation applications in the SME context. 

Methodological Choice includes selecting either quantitative, qualitative, or mixed meth-

ods research design. This research is followed by mixed methods due to the complex 

nature of the subcontractor environment. On the one hand, quantitative data was used 

to build and validate simulation models (e.g., production times, order flow, machine us-

age). On the other hand, quantitative insights acquired from interviews, meetings, and 

observations aid the research by revealing the contextual elements, such as subcontrac-

tor priorities, coordination barriers, and resource constraints. Combining both ap-

proaches ensures the research is not only technically rigorous but also to be contextually 

meaningful. 

For this study, a multiple-case study strategy has been chosen to explore the capacity 

planning issues in three interconnected manufacturing firms (one main operator and two 

subcontractors). This case study methodology is ideal for understanding real-world sys-

tems with high complexity, especially in exploring the boundary between the phenome-

non (capacity planning) and the SME supply chains context, which hasn’t been clearly 
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defined. By researching each company’s processes, constraints, and collaborations, the 

research uncovers their hidden structures. 

The research has been done within a cross-sectional period over an eight-month period. 

While capacity planning is a continuous and interconnected process, the scope of study 

is limited to analyzing only snapshots of the procedure, bottleneck, and data patterns of 

production.  

The data collection in this study included ERP data, semi-structured interviews, obser-

vations, and simulation modeling (AnyLogic). The process started by having interviews 

with the case companies and their managers to understand the planning challenges, 

decision-making processes, and subcontractor dynamics. The interviews happened in 

their manufacturing site, allowing us to capture process, and resource interactions in 

practice. The next step towards the research was to create a simulation model; however, 

the delay in providing the ERP data for order history, processing times, machine usage, 

and inventory levels required us to work on the simulation model with AI-generated data, 

as sticking to the initial timeframe was a priority for this research. The simulation was 

done in AnyLogic software, considering only one workstation to replicate and experiment 

with the model faster and more accurately. 

Planning the simulation went through several stages to choose the best possible scope. 

Due to the complexity of high-mix and low-volume manufacturing systems, providing de-

tailed data on production data and categorizing it would be time-consuming and 

unachievable. Therefore, as companies also asked us, the simulation was done in one 

specific workstation that happened to be a bottleneck. The combination of quantitative 

and qualitative techniques ensured a solid foundation for developing simulation models 

that are both valid and practical. 
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3. THEORETICAL BACKGROUND 

3.1. Strategic Planning for Business Functions 

Strategic planning is a pivotal element of the managerial process that defines a firm’s 

direction and guides resource allocation to achieve strategic goals. It provides a frame-

work for setting objectives and developing actionable strategies, which are essential for 

growth, competitive advantage, and resource optimization (Alosani, Yusoff & Al-Dhaafri, 

2020; Sinnaiah, Adam and Mahadi, 2023)  

Even though firms might have certain strategic plans, these plans transfer differently in 

each department, demonstrating the fact that each function has its own challenges and 

objectives that are relevant to each domain (George, Walker & Monster, 2019; Kola, 

2024). For example, while, marketing department might prioritize the brand positioning 

and customer engagement, while operations department emphasizes on efficiency and 

resource allocation (Bütüner, 2016; Njeru & Ndabari, 2022). This functional difference in 

each department, including operations, information technology, marketing, finance, re-

search and development, logistics and purchasing, and other functions, demands unique 

strategic plans (Lambert & Cooper, 2000). Figure 3 presents some of the most common 

business functions in organizations.  

 

 

Figure 3. Business functions (Lambert & Cooper, 2000). 
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3.1.1. Operations Function  

While each function can be studied at a detailed level, this study focuses specifically on 

the operations function. The operations function concerns efficiency and effectiveness 

of processes by converting the input into the outputs that meet customer demands 

(Barnes, Hinton & Mieczkowska, 2004). Additionally, it has an enormous effect on the 

company’s finances as process efficiency can influence the profit by minimizing the pro-

duction costs (Morash et al., 1997). Key components of operations include process de-

sign, capacity planning, inventory management, and quality management (Helmold & 

Terry, 2021). 

Process design and analysis are key aspects of the production process that involve how 

and at what scale goods need to be produced (Helmold and Terry, 2021). It also deter-

mines how goods are produced (e.g., continuous, batch, or project workflows), and at 

what scale they are manufactured, which involves production planning (Helmold and 

Terry, 2021). The design of this process depends on the volume, product ranges, and 

demand stability (Barnes, Hinton, and Mieczkowska, 2004). An effective process makes 

a direct contribution to an organization's competitive advantage by optimizing workflows 

and resources (Nowakowska-Grunt and Sałek, 2014; Scherrer, Smith, and Dowling, 

2011). 

Capacity planning determines the optimal level of output while adjusting it to the demand 

requirements (Hausman et al., 2002). If the bottlenecks are not managed properly, it 

causes inefficiency in production and financial losses (Raundal et al., 2016). As the mar-

ket demand has an unpredictable nature, it necessitates tools and techniques to make 

well-informed decisions (Gola et al., 2015). In light of these issues, Capacity manage-

ment will be the center of this study. 

Inventory management includes the control and organization of stocks or goods that are 

utilized for sustaining production (Muckstadt and Sapra, 2010). The stocks can be uti-

lized to support customer service (finished goods and replacement parts), maintenance, 

repair, and operating supplies, as well as manufacturing (raw materials and work-in-pro-

cess items) (Supply Chain Resource Cooperative, 2011). 

Quality management can be defined as an approach for ensuring the organization’s 

products, services, and processes meet the expected quality standards while fulfilling 

the customer requirements effectively (Boyne and Walker, 2002). Planning, control, as-

surance, and improvement in an organization are an essential part of this approach 



11 

 

(Makai et al., 2009; Yang, 2008). There are several quality management techniques such 

as Six Sigma, Lean Manufacturing, and Theory of Constraints (TOC), which discussing 

it further is beyond the scope of this research. 

Organizations do not operate in isolation; they are part of a broader network of interre-

lated entities, so they need to strategically manage the sourcing of materials, production, 

and distribution of the final goods (Newman and Berg, 1963). Not all the products can be 

built in-house, which means businesses are dependent on each other. So, they need to 

have a reliable long-term partnership to achieve their maximum potential. Information 

sharing between suppliers can lead to better outcomes, including improved flexibility and 

responsiveness to market changes (Cavusoglu, Cavusoglu & Raghunathan, 2012). This 

is particularly important in this case as the exchange of information between subcontrac-

tor and main operator supports their shared objectives. This will be discussed in Chapter 

5. 

Collaboration in information sharing can also minimize uncertainties and improve deci-

sion-making processes, fostering a more resilient supply chain (Chen, 2011). Moreover, 

Huo, Zhao & Zhou (2014) demonstrate that shared information practices can significantly 

improve operational and financial performance in companies, reinforcing the idea that 

partnerships in supply chains are not merely supplementary but fundamental for achiev-

ing individual and collective objectives (Huo, Zhao & Zhou, 2014). 

3.1.2. Capacity Management levels  

Capacity management is the process of identifying, determining, tracking, and modifying 

capacity constraints to efficiently execute all production schedules, such as production 

plan, master production schedule, material requirements plan, and dispatch list. This 

function keeps the resources balanced with production needs, maintaining efficiency and 

responsiveness in manufacturing operations. (NC State University, Supply Chain Re-

source Cooperative, 2011). 

Capacity planning can be done in several different approaches, many of which might 

look similar because of the overlapping concepts, methods, or objectives. The distinction 

of these approaches helps with selecting the most suitable approach based on the needs 

and priorities of the firms. Strategic, tactical, and operational capacity planning are the 

three categories into which capacity planning can be separated according to the planning 

view (Hulshof et al., 2012). In Table 1, the focus and time frame for each level have been 

written.  
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Table 1. Capacity planning levels (Hulshof et al., 2012) 

Planning Level Focus Time Frame 

Strategic 
Long-term capacity (facilities, 

tech) 
2–5 years 

Tactical Mid-term resource adjustments 3–18 months 

Operational 
Day-to-day scheduling and re-

source use 
Daily to weekly 

3.1.3. Strategic Capacity Planning 

Long-term decisions concerning the total capacity of the manufacturing system are re-

ferred to as strategic capacity planning, which includes the maximum output level that 

the organization can produce over a significant period. Key decisions that are made at 

this level may include building new facilities, entering new markets, and expanding prod-

uct lines, all of which can significantly impact the organization’s market position for the 

future (Martínez et al., 2013; Fleischmann et al., 2006). For instance, Tesla has invested 

in Gigafactories to meet future demand for electric vehicles, and battery production is a 

good example of strategic decisions as a long-term view (Fleischmann et al., 2006). 

The nature of strategic capacity planning varies by industry. For example, Karabük & Wu 

(2003) examined capacity planning within the semiconductor industry, which the key 

challenges in demand uncertainty, the need for alignment in marketing forecasts and 

manufacturing capabilities has been highlighted, demonstrating how imbalanced incen-

tives or inaccurate viewpoints can lead to financial losses. 

Capacity management requires integration of technology and organization to thrive in 

the industry. Therefore, choosing the right strategy along with building competencies as 

a base for managing the supply chain value, outsourcing policy, and the firm’s structure. 

Additionally, it should also lead to a transparent judgment on capacity bottlenecks and 

process development, primarily for the right manufacturing technologies. (Dekkers, 

2003) 

Strategic capacity planning decisions are usually influenced by several factors such as 

market dynamics, operational considerations, managerial and organizational aspects, 
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financial resources, technological influences, and regulatory and environmental factors 

(Martel & Klibi, 2016). Huh et al (2005) presented a strategic capacity planning model 

that considers multiple variables impacting capacity allocation under demand uncertainty 

to emphasize the necessity to navigate complex market dynamics effectively. This also 

aligns with Roth and Vandierdonck’s (1995) study, which was based on the health care 

sector and the necessity of balancing a variety of operational and regulatory needs for 

successful resource management. 

Organizations use a variety of analytical methods and methodologies to determine the 

costs, risks, and benefits of expanding or reducing the capacity. Commonly used meth-

ods include simulation and optimization (Alsenani & Amiri, 2025). Lai & Barkan (2011) 

studied a decision support framework in the transportation engineering sector, highlight-

ing the utilization of optimization in strategic capacity planning. Additionally, a simulation 

model in strategic capacity planning has been studied by Suharko (2020), which under-

scores the importance of discrete event simulation for modeling in-plant truck move-

ments at a cement company. This approach helps in capacity planning while ensuring 

that model construction and execution times are practical. 

3.1.4. Tactical Capacity Planning 

Tactical capacity planning takes a shorter-term view compared to strategic planning. It 

focuses on medium-term decisions such as whether the current resource allocation 

meets the anticipated demand (Rijntjes, 2011). This includes production runs, workforce 

adjustments, inventory management, and the utilization of machinery and facilities. Car-

icato and Grieco (2009) have noted that tactical production planning deals with opera-

tional challenges such as inventory levels and workforce management, which directly 

impact the service quality and overall production efficiency. Wu et al. note that tactical 

decisions regarding capacity are pivotal for managing production capabilities and ensur-

ing a smooth operational flow, particularly in high-tech industries (Wu, Erkoc and 

Karabük, 2005) 

Moving to the more execution focused capacity planning techniques, Rough Cut Capac-

ity Planning (RCCP) is an indispensable process in manufacturing and production man-

agement. This technique evaluates the availability of resources with anticipated produc-

tion demand. RCCP operates at a high level of aggregation, determining the resources 

over specific time periods or "time buckets" (Baydoun et al., 2016). 
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Material requirement planning (MRP) is systematic production planning, which deter-

mines the essential materials, their quantities, and the time when they will be needed to 

meet the production needs and delivery requirement times (SAP, no date). Additionally, 

an effective MRP system underscores the importance of coordinating production capac-

ity with actual manufacturing capabilities to minimize waste and enhance productivity 

(Winkler et al., 2022). 

Resource capacity planning (RCP) is defined as the amount of work that can be handled 

by considering the available resources. It determines the amount of work that can be 

procured with the availability of resources in order to fulfill both present and future de-

mands. (Ojsteršek and Buchmeister, 2021) 

Tactical capacity planning can be determined by different tools and techniques that allow 

organizations to optimize their resources, respond to fluctuating demands, and maintain 

operational efficiency. These tools can include simulation models, linear programming 

or optimization models, what-if analyses, and ERP (Enterprise Resource Planning) sys-

tems. (Jahangirian et al., 2010; Rai et al., 2021; Arica and Powell, 2014) 

Simulation models are usually used with various scenarios in capacity planning. These 

models can run complex interactions within supply chains, providing information on how 

resource allocation can be optimized under different demand scenarios (Jahangirian et 

al., 2010). Linear programming and optimization models are mathematical approaches 

to find the best decisions regarding capacity allocation and fulfilling the business objec-

tives. Chen et al. (2016) illustrate the application of optimization models in manufactur-

ing, demonstrating the enhanced processes such as semiconductor fabrication through 

iterative simulation and capacity enhancements. Baydoun et al. (2016) also studied a 

rough-cut capacity planning model, using optimization techniques to manage resources 

effectively throughout different project phases. 

What-if Analysis is another technique that allows planners to explore various scenarios 

relating to demand fluctuations or resource availability. It is instrumental in strategizing 

for unexpected changes that could affect operations. Zhou et al. discussed the implica-

tions of what-if scenarios in the context of railway station operations, demonstrating the 

ability of such analyses to inform capacity utilization strategies amidst diverse demand 

situations (Zhou et al., 2014).  

In addition, ERP has become a pivotal part of tactical capacity planning in firms, func-

tioning to facilitate efficient coordination and management of resources across various 
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functional domains. This integration supports mid-term decision-making processes vital 

for effective capacity utilization (Méxas et al., 2012; Hendricks et al., 2006). Friemann 

and Schönsleben (2016) also emphasized the importance of strategic warehouse capac-

ity planning within the ERP framework, indicating how such integration can mitigate sup-

ply chain risks by optimizing warehouse functionality and capacity utilization.  

Integration of simulations with ERP systems enhances resource planning and inventory 

management by enabling automation and real-time data access. Lee, Arif, and Jang 

(2004) stated that such integration significantly boosts productivity and responsiveness 

to operational needs. This study also utilizes data from the ERP system as a dataset for 

simulation, which will be discussed in Chapter 4. 

3.1.5. Operational Capacity Planning 

Operational capacity planning deals with immediate capacity planning decisions related 

to short-term aspects of resource utilization and scheduling, ensuring real-time decisions 

align with the capacity decisions made at strategic and tactical levels (Wu, Erkoc and 

Karabuk, 2005). According to Elzakker et al. (2014), operational planning generally in-

cludes short-term scheduling decisions that integrate with tactical and strategic produc-

tion planning. For instance, operational planning in health care involves managing pa-

tient admission rates and the allocation of hospital beds to meet patients’ needs (Hulshof 

et al., 2013). Operational capacity planning includes demand forecasting, resource allo-

cation, capacity assessment, scheduling and planning of production activities, and mon-

itoring and feedback as its core elements. 

One of the main activities of operational capacity planning is demand forecasting, which 

involves anticipating future demands based on historical data, market trends, and sea-

sonal variations. Mohan et al. (2014) stated the importance of accurate demand fore-

casting to inform firms for subsequent planning decisions about the production load and 

inventory. As an example, in web applications, capacity planning has a huge depend-

ence on accurate performance predictions to manage server loads effectively. Similarly, 

in industrial contexts such as manufacturing and remanufacturing, materials and re-

source recovery rates are considered to enhance planning accuracy (Bulmuş et al., 

2013). Resource allocation is another core activity in operational capacity planning that 

determines the distribution of the available resources among different production pro-

cesses or service units. According to Maples et al. (2005), in environments such as re-

manufacturing, the unique characteristics of products and processes necessitate tailored 
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capacity planning methods, as traditional techniques may not apply effectively (Maples, 

Heady, and Zhu, 2005). 

Furthermore, another crucial factor in capacity planning is scheduling operations effec-

tively. This includes determining when to allocate the resources to different activities 

while maximizing the process flow and minimizing lead times (Fleischmann et al., 1997). 

For instance, analyzing the queue systems helps tailor scheduling strategies, which is 

crucial for maintaining quality of service amidst demand fluctuations (Mohan et al., 2014). 

Lastly, continuous monitoring and modification are key elements for having effective ca-

pacity planning since real-time data can highlight differences between anticipated and 

actual demand, requiring quick fixes to prevent service level degradation. (Zhang et al., 

2008). In this regard, adaptive capacity management techniques are gaining traction, 

allowing firms to adjust their processes dynamically based on live data and workload 

changes (Zhang et al., 2008). 

In the context of operational capacity planning tools, the integration of simulation and 

heuristic methods has emerged as an effective approach. Simulation aids with the mod-

eling and assessment of complex systems, using "what-if" scenarios, thereby enabling 

planners to visualize the effects of different capacity allocation strategies and scheduling 

decisions under uncertainty (Thürer, Stevenson, Land, & Fredendall, 2018). Utilizing 

Heuristic algorithms can also provide quicker solutions in environments where analytical 

methods become complicated, particularly in systems with complex operational param-

eters (Mhiri et al., 2018). Thus, simulation is employed as a decision-support approach 

to evaluate and improve operational capacity planning in high-mix, low-volume manufac-

turing systems. 

3.2.  Performance Metrics for Capacity Evaluation 

Using an evaluation-based set of metrics is critical in measuring how effectively re-

sources are being used to meet production requirements. Such metrics are useful for 

identifying the constraints and inefficiencies in the manufacturing and service delivery 

processes (Kang et al., 2016). Some of the key performance metrics are throughput, 

lead time, capacity utilization, production rate, cycle time, lead time, and efficiency. 
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3.2.1. Throughput  

Throughput is a metric that assesses the rate of how quickly products are being pro-

duced. This means determining manufacturing time and queue times are essential 

for defining production process throughput. According to Wang et al. (2023), through-

put in port operations is frequently determined using cargo and container throughput, 

which are widely accepted as suitable measurements of output performance, high-

lighting their significance in assessing operational capacity.  

A higher level of throughput means that the production system operates at its optimal 

level, manufacturing more output in the given time. However, the lower throughput 

indicates inefficiencies such as bottlenecks or capacity issues in the production pro-

cess. 

𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑈𝑛𝑖𝑡 𝑃𝑟𝑜𝑑𝑢𝑐𝑒𝑑

𝑇𝑖𝑚𝑒 𝑃𝑒𝑟𝑖𝑜𝑑𝑠
 

3.2.2. Lead Time 

Lead time plays a vital role in supply chain performance, influencing both operational 

efficiency and customer satisfaction. It typically encompasses order processing, ma-

terial management, production, and delivery. Lead time is defined as the period from 

raw material supply to final product delivery and highlights its importance in reducing 

costs and enhancing responsiveness to customer demands. (Kimwaki, 2023; Chopra 

and Meindl, 2019). 

𝐿𝑒𝑎𝑑 𝑇𝑖𝑚𝑒 = 𝑂𝑟𝑑𝑒𝑟 𝑃𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔 𝑇𝑖𝑚𝑒 + 𝑀𝑎𝑡𝑒𝑟𝑖𝑎𝑙 𝑃𝑟𝑜𝑐𝑢𝑟𝑒𝑚𝑒𝑛𝑡 𝑇𝑖𝑚𝑒 + 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑇𝑖𝑚𝑒

+ 𝐷𝑒𝑙𝑖𝑣𝑒𝑟𝑦 𝑇𝑖𝑚𝑒 

3.2.3. Cycle Time 

Cycle Time refers to the total time from the beginning to the end of a process, encom-

passing both active production time and idle time due to waiting. It is pivotal in evaluating 

the throughput of a production system. Research indicates that effectively identifying 

bottlenecks related to cycle time allows organizations to develop specific strategies for 

improvement, thereby enhancing overall throughput and operational performance (Go-
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palakrishnan et al., 2020). In addition, advancements in data-driven assessments of ma-

chine criticality can aid decision-making related to cycle time management (Gopalakrish-

nan et al., 2020). Figure 4 compares the differences between cycle time and lead time. 

 

Figure 4. Lead time versus cycle time (Sixsigma.us, 2024) 

3.2.4. Order Fulfillment Rate / On-Time Delivery (OTD) 

In supply chain and logistics, order fulfillment rate, commonly referred to as On-Time 

Delivery (OTD), measures the percentage of customers’ orders that are delivered on 

time or before the promised delivery date. On-time delivery rate is a measure of the 

supplier’s delivery capacity, which is calculated as the ratio of on-time deliveries to total 

deliveries (Xiangshuo & Zhang, 2018). This metric is critical since it not only impacts 

customer satisfaction, but also impacts broader supply chain metrics, such as throughput 

time and delivery lead times, which are essential for minimizing operational costs of late 

deliveries (Monostori, 2021). 

 

𝑂𝑛 − 𝑇𝑖𝑚𝑒 𝐷𝑒𝑙𝑖𝑣𝑒𝑟𝑦 =
𝑂𝑟𝑑𝑒𝑟𝑠 𝐷𝑒𝑙𝑖𝑣𝑒𝑟𝑒𝑑 𝑂𝑛 − 𝑇𝑖𝑚𝑒

𝑇𝑜𝑡𝑎𝑙 𝑂𝑟𝑑𝑒𝑟𝑠
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3.2.5. Overall Equipment Effectiveness (OEE) 

One of the most common metrics that provides insights into the performance and effec-

tiveness of the manufacturing systems is called Overall Equipment Effectiveness (OEE). 

These metrics include three main elements: availability, performance, and quality, which 

form a basis for evaluating equipment effectiveness quality (Wudhikarn, 2016; Anvari et 

al., 2010). OEE quantifies the effectiveness of a production process by identifying losses 

associated with these elements, allowing for targeted improvements and enhanced 

productivity (Sari & Darestani, 2019). 

Firstly, availability indicates the proportion of the scheduled production time that the 

equipment is running. Then, Performance reflects the speed at which the equipment op-

erates compared to its maximum speed. Lastly, quality measures the percentage of good 

units produced versus the total units produced (Dzanga, 2022; Sari & Darestani, 2019). 

OEE quantifies the effectiveness of a manufacturing process by identifying losses asso-

ciated with these elements, allowing for targeted improvements and enhanced produc-

tivity (Sari & Darestani, 2019). 

 

𝑂𝐸𝐸 =  𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑥 𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 𝑥 𝑄𝑢𝑎𝑙𝑖𝑡𝑦 

𝐴vailability Rate =
𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠 𝑇𝑖𝑚𝑒

𝑇𝑜𝑡𝑎𝑙 𝑀𝑎𝑐ℎ𝑖𝑛𝑒 𝑇𝑖𝑚𝑒
 

𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 𝑅𝑎𝑡𝑒 =  
𝑃𝑟𝑜𝑐𝑒𝑠𝑠𝑒𝑑 𝐴𝑚𝑜𝑢𝑡 𝑥 𝐼𝑑𝑒𝑎𝑙 𝐶𝑦𝑐𝑙𝑒 𝑇𝑖𝑚𝑒

𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛 𝑇𝑖𝑚𝑒
 

𝑄𝑢𝑎𝑙𝑖𝑡𝑦 𝑅𝑎𝑡𝑒 =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐺𝑜𝑜𝑑 𝑃𝑟𝑜𝑐𝑑𝑢𝑐𝑒𝑑

𝑇𝑜𝑡𝑎𝑙 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑠
 

 

OEE with a score of 85% or higher indicates that the equipment is effectively utilized with 

the least amount of waste (Gibbons & Burgess, 2010; Fattah et al., 2017). However, the 

OEE with around 60% can describe the need for significant improvement in either 

maintenance practices or operational procedures. Lastly, scores below 60% often show 

chronic issues related to equipment downtime, speed losses, or quality defects (Zammori 

et al., 2011). 
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After dissecting the OEE into its components, organizations can address the underlying 

issues. For example, if the availability rate is low, it suggests that there might be exces-

sive breakdowns and drawn-out maintenance procedures; however, a high availability 

rate can show a low performance rate, leading to an investigation into the production 

speed constraints (Mahmood et al., 2015). 

3.2.6. Resource Availability / Machine Load 

Resource availability refers to the extent to which necessary inputs—such as raw mate-

rials, labor, and equipment—are accessible for production activities. It directly affects the 

ability of a production system to meet demand and can influence lead times and overall 

throughput. Fluctuations in resource availability can result in low throughput, high equip-

ment downtime, and increased production costs (Psarommatis et al., 2024). 

3.2.7. Backlog Level 

The backlog is defined as the accumulation of unfulfilled orders that have not yet been 

delivered to customers despite having been ordered. While a well-managed backlog of-

ten contributes to customer satisfaction and operational resilience, the excessive back-

log leads to customer dissatisfaction and late deliveries (Hu, Kim & Banerjee, 2009; Dey, 

Sarkar & Pareek, 2019). Using the demand forecast and adjusting accordingly can help 

control backlog levels and improve operational efficiency (Zhang & He, 2024). An in-

crease in the backlog can highlight the inefficiencies in the manufacturing process. 

Therefore, monitoring the backlog level can help organizations identify and address ca-

pacity issues (Moros-Daza & Jubiz‐Diaz, 2024). 

3.2.8. Setup Time 

Setup time is the duration needed to prepare equipment or machinery before the actual 

production process commences. This metric is particularly important in environments 

where multiple products are manufactured on the same machinery (known as job shop 

or mixed-model environments) (González et al.,2012). High set-up time significantly re-

duces the availability of machines for actual manufacturing, leading to a reduction in 

machine capacity and an increase in cost related to downtime (Trovinger & Bohn, 2005; 

Kim et al., 1995). 
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There are two types of setup time: sequence-dependent setup time and fixed setup time. 

Sequence-dependent setup time happens when the required time to set up the machin-

ery is different based on the order of operations. For instance, switching dissimilar prod-

ucts takes longer than changing to similar products (González et al., 2015). However, 

fixed setup time remains consistent regardless of the product type, which is typically with 

initial preparations or machine configurations (Pargar et al., 2018).  

3.3. Application of Simulation Modelling in Capacity Planning 

According to Shannon (1975), simulation involves creating a computer-based model of 

a system or process and experimenting with it to gain insight into the system's behavior 

or assess different operational approaches. Simulations can be classified into several 

categories, primarily as Discrete Event Simulations (DES), Agent-Based Simulations 

(ABS), and System Dynamics (SD). Each type of simulation has specific objectives that 

can be used in different domains depending on the nature of the system being analyzed. 

Starting with ABS is particularly adept at simulating complex systems with individual en-

tities (agents) that illustrate heterogeneous behavior and decision-making skills. This 

type of simulation is explicitly used for exploring social systems and adaptive dynamic 

networks whose behaviors of individuals contribute to the overall system outcomes (Kas-

sen et al., 2021). For instance, ABS can be applied in city health systems to evaluate 

how different initiatives might impact the health outcomes by simulating the individual 

interactions (agents) or environmental factors (Garber et al., 2025). Similarly, ABS has 

been used to design Manufacturing Execution Systems (MES) that agents flexibly handle 

production orders and resources to respond to unexpected changes and disruptions (Ro-

lón and Martínez, 2012). 

Discrete event simulation is distinguished by its ability to simulate a system using dis-

crete events that occur at specific points in time (Robinson, 2004). DES can depict the 

models in which changes occur instantaneously, allowing for a clear temporal progres-

sion of events. The discrete nature of events provides a detailed overview of how system 

performance can be optimized through strategic interventions (Bononi et al., 2006). In 

operational contexts such as container terminal management which the simulation repli-

cates the flow of yard truck transactions and throughput efficiency, this methodology is 

practical (Riadi et al., 2023). 
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System Dynamics (SD) is a mathematical modeling technique for comprehending and 

simulating complex systems, especially systems with non-linear behavior. This tech-

nique was developed by Jay W. Forrester in the late 1950s, to help corporate managers 

analyze industrial and social systems (Onggo, 2021). The structure of SD simulation 

includes stocks (accumulated quantities), flows (rates of change), feedback loops (rein-

forcing or balancing mechanisms), and time delays (lags between action and outcome) 

to capture the structure and dynamics of real-world systems (Forrester, 1961). With sim-

ulation SD over a specified time, exploring “what-if” scenarios, testing policy interven-

tions, and identifying critical points will be determined (Sterman, 2000). This method is 

frequently used in engineering, public policy, business, and environmental research to 

comprehend complicated processes, including fluctuations, growth, collapse, and unex-

pected effects (Richardson, 2011). 

Discrete event simulation is an important tool to analyze the dynamic processes in man-

ufacturing systems by considering unpredictable events and stochastic parameters 

(Jurczyk-Bunkowska, 2021; Gansterer, Almeder, and Hartl, 2014). This is mainly be-

cause it models a sequence of distinct events such as machine breakdowns, order arri-

vals, or shifts in production. However, in some software, such as AnyLogic, discrete 

events can also integrate with agent-based modeling elements so each entity (agents, 

e.g., products, orders, or even individual machines with their own behaviors) can flow 

through the discrete processes and interact with the system (Yakovlev, 2019). This is 

especially helpful in this research as it allows us to track down each element by imple-

menting different scenarios.  

Furthermore, Kuhnt et al. (2020) stated that the simulation counts as a beneficial ap-

proach for detecting the potential planning errors and optimization opportunities within 

production and logistics systems that include discrete unit loads. In capacity planning 

analysis, this capacity helps planners to check different scenarios in the systems without 

interfering with the real production process (Kuhnt et al., 2020). For example, Hering et 

al. demonstrated the simulation application by film-coated tablet production processes, 

showing that DES can identify bottlenecks and opportunities effectively for process im-

provements within production workflows, which impacts the capacity planning decisions 

(Hering et al., 2020). 
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3.3.1. Simulation Model Development Process 

Simulation Model Development Process (SMDP) is an eight-step methodology tai-

lored to logistics and supply chain contexts, which was developed by Manuj, Mentzer, 

and Bowers (2009). The first step towards building the model is problem formulation, 

which is defining the overall objectives of the simulation model with stakeholders to 

ensure its relevance. This step is vital because considering vague goals can cause 

incorrect analysis, lose time, and ineffective inferences (Keebler, 2006). 

This is followed by specifying independent and dependent variables, including per-

formance measurements and controllable inputs identification. Independent varia-

bles are the system inputs manipulated during simulation (e.g., demand variability, 

lead times), while dependent variables represent performance outcomes (e.g., profit, 

inventory levels). Variable selection also needs to be aligned with research objec-

tives and can be guided by literature and expert input. As a third step, it is essential 

to ensure that the conceptual model is developed and validated. This means the 

model should represent real-world dynamics and include assumptions, components, 

and relationships. Additionally, presenting the conceptual model to domain experts 

(e.g. SMEs, computer programmers and simulation specialists) contributes to the 

validity of it (Manuj, Mentzer and Bowers, 2009; Law, 2005). 

The fourth step is data requirements that involve identifying the necessary parame-

ters, system layout, operating procedures, and probability distributions (Manuj, 

Mentzer and Bowers,2009). Using diverse sources of data like company records, 

expert interviews, and literature ensures is essential to ensuring the model accuracy 

compared to real-world events (Manuj, Mentzer & Bowers, 2009). A more detailed 

breakdown of these data types with their practical acquisition challenges is discussed 

in Section 2.5.1. 

Development and verification of the computer-based model is the sixth phase. After 

selecting suitable simulation software, model building starts with a focus on adding 

step-by-step complexity to the model. Through this step, verification is also con-

ducted by checking the model outputs with manual calculations, using repeatable 

runs, and sub-model testing to ensure the model behaves as intended. (Manuj, 

Mentzer, and Bowers, 2009) 
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The next step is simulation execution that performs the simulation with appropriate 

replications, run lengths in order to generate meaningful data. This step ensures re-

liable and unbiased results, with techniques like the relative precision method to de-

termine an appropriate sample size for an effective analysis. Finally, analysis and 

documentation of results encompass applying statistical techniques such as regres-

sion or graphical methods to interpret the simulation output. (Manuj, Mentzer, and 

Bowers, 2009). Figure 5 depicts this eight-step process: 

 

  

Figure 5. Simulation Process (Manuj, Mentzer and Bowers, 2009) 

3.3.2. Simulation Logic and Visualization Layers 

A wide variety of software is available for building simulation models which each one 

tailored for a specific range of needs. While there are some programming-oriented tools 

like MATLAB and Python that are not specially designed for simulation, they can still be 
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powerful platforms for building simulation models (Birta and Arbez, 2019). Simulation in 

these environments often requires users to have strong programming skills and a solid 

background in mathematical modeling. In contrast, other tools are explicitly developed, 

such as Arena, AnyLogic, and FlexSim for simulation purposes and offer more user-

friendly environments with graphical interfaces and minimal coding requirements 

(Kovbasiuk et al., 2021). 

For this study, AnyLogic has been chosen due to its flexibility in integrating multiple sim-

ulation approaches, including discrete-event and agent-based in a single platform 

(Gunal, 2019). Its visual modeling environment can effectively depict the simulation of 

manufacturing and supply chain systems (Merkuryeva and Bolshakovs, 2010). Further-

more, the software enables scenario testing and supports data-driven decision-making, 

which both are essential for analyzing capacity planning challenges in industrial settings. 

Lastly, AnyLogic simulation environment is divided into logical and visualization layers. 

This might be slightly different for similar software. In Table 2, the differences between 

different simulation tools are presented (Kovbasiuk et al., 2021). 

Table 2.Comparison of commonly used simulation tools. 

Tools 
Coding 

Requirement 
Simulation Types 

Customization 
Level 

Best Use Cases 

AnyLogic Moderate (Java) 
Discrete-Event, Agent-

Based, System Dy-
namics 

High 
Supply chains, logistics, 

and hybrid simulation 
models 

Python High (Python) 
Discrete-Event, Agent-
Based, Mathematical 

Very High 
Academic research, cus-
tom models, ML/data in-

tegration 

MATLAB High (MATLAB) 
User-defined (manual 

implementation) 
Very High 

Math-intensive models, 
optimization 

Arena Low Discrete-Event only Medium 
Basic manufacturing 

process flows 

 

Logical components  

In order to build the simulation in AnyLogic, defining the logical components that repre-

sent the key elements of a real-world manufacturing environment are essential. These 
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components serve as a foundation of simulation logic by defining how entities move 

through the system, how events occur, and how limited resources are managed 

(Borshchev & Filippov, 2019). Table 3 summarizes the most common logical compo-

nents used in AnyLogic, along with their definitions and examples from manufacturing 

contexts. 

Table 3. Logical components in AnyLogic (Borshchev and Filippov, 2019). 

Component Description 

 

Examples 

Entities Items or objects that move through 
the system. 

Products, customers 

Events Discrete occurrences that trigger 
changes in the system’s state 

Arrival, departure, machine 
breakdown 

Resources Components with limited capacity 
for performing certain activities 

Machines, workers 

Queues The waiting lines that until the entity 
pauses until the resource becomes 

available 

Production queues, waiting 
areas 

Process 
Flows 

The order of activities or sequences 
in the system. 

Assembly line steps, service sta-
tions 

Scheduling 
Rules 

Rules which define how tasks are 
prioritized, routed, and timed. 

FIFO (First-In-First-Out), short-
est processing time 

Visualization Layers 

While logical components define the internal structure of a simulation model, visualiza-

tion layers provide a graphical and interactive interface in which these elements can be 

found in AnyLogic Libraries which facilitates understanding and interaction with the sim-

ulation for stakeholders (Borshchev & Filippov, 2019; AnyLogic Help, 2025). Table 4 out-

lines the key elements of the visual interface layer, describing their functions and their 

use case. 
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Table 4. Visual components in AnyLogic (Borshchev & Filippov, 2019; AnyLogic 

Help, 2025). 

Component Description Use Case 

Presentation 

Shapes 

Basic graphical elements (rectangles, 

circles, text, images) tied to model 

data 

Color-changing icons for machine 

status, labels showing queue 

lengths 

Conveyor Simulates continuous movement of 

items along a belt (Material Handling 

Library) 

Parts moving through a produc-

tion line or warehouse 

Charts & 

Plots 

Graphs that display dynamic simula-

tion data (e.g., time plots, histo-

grams) 

Real-time tracking of queue size, 

resource utilization, or KPIs 

Dashboard 

Controls 

Interactive elements (buttons, sliders, 

inputs, checkboxes) 

Let the user start/pause the 

model, change the arrival rate, or 

trigger logic actions 

3D Models 3D visual objects for the realistic rep-

resentation of agents or the environ-

ment 

Vehicles in a traffic model, forklifts 

in a factory 

Space 

Markup 

Layout tools like nodes, paths, poly-

gons used for movement and spatial 

design 

Pedestrian paths in a mall, AGV 

routes in a warehouse layout 

Interaction Between Simulation Logic and Visualization 

The simulation logic and visualization layers in AnyLogic function as an interrelated sys-

tem, supporting each other despite having a theoretically distinct nature (Borshchev and 

Filippov, 2019). Software’s layout makes sure that the presentation layer (visualization) 

and the model layer (logic) are connected by a clear interface (AnyLogic Help, 2025). 

Both layers operate in parallel, which means when logic triggers an event (such as the 

movement of an entity or the seizing of a resource), the visual model updates to show 
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that modification (Borshchev and Filippov, 2019; AnyLogic Help, 2025). For instance, 

when an item is used in logic, it appears at a visual source and moves through the layout 

as defined. The connection between the logic and visual layers is established through 

components like conveyors, transporters, nodes, resources, and entities. 

Logical blocks like Convey or MoveByTransporter are connected to visual elements such 

as conveyors, AGVs, and node paths, enabling the model to manage the behavior while 

displaying it realistically. Similarly, resources like machines or workers are visually rep-

resented and tied to logic using Seize and Release blocks. Entities created in the logic 

layer are animated in the visual layer, moving through the system based on defined paths 

and interactions. This integration ensures that the model is both functionally accurate 

and visually intuitive. Figure 6 illustrates a simulation model in AnyLogic software. 

 

Figure 6. An example of simulating in AnyLogic. 

3.4. Challenges in Capacity Planning Simulation Modelling 

3.4.1. Data Collection Requirements 

Initiating a simulation model demands careful data collection, which is fundamental to 

ensuring both accuracy and validity of the model (Barlas & Sargent, 1995; 

Sargent, 2010). These input data can be broadly divided into three pivotal categories: 

system load data, organizational data, and technical data (VDI 2000; Bergmann, Stelzer 

& Strassburger, 2011). These data types will be explained later in this chapter. 
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Figure 7. Required input data for building the simulation (VDI, 2000) 

3.4.2. Data Availability and Scope Challenges 

One of the key challenges in implementing simulation is establishing its boundaries, 

particularly when essential data is missing or hard to obtain (Centeno and Carrillo, 

2001). While large organizations often use systematic data collection processes that 

support detailed simulations, SMEs frequently face difficulties due to inaccessible or 

unrecorded data. Consequently, acquiring the necessary data can become both re-

source-intensive and time-consuming (Byrne et al., 2013; Ivers, Byrne and Byrne, 

2016) As previously mentioned, the required data is categorized into three main cat-

egories: system load data, organizational data, and technical data. 

1. System Load Data 

Starting with System load data that showcases the demands and workload that the sys-

tems need to handle, which includes how jobs are prioritized and sequenced in the sys-

tem (such as first-in-first-out or based on a specific calendar) (Grant, 1988). Additionally, 

it determines details of product data, which covers the bill of materials (BOM), its vari-

ants, and the processing times of each product (Grant, 1988).  The issue with collecting 

these sorts of data is that the more complex the process is, the amount of data required 

to simulate is more complicated.  
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2. Organizational Data 

Organizational data outlines the structure and operational rules of the company, includ-

ing the shift model, which includes working hours, shift rotations, and break times. It also 

incorporates resource allocation strategies, particularly in how machines, operators, and 

tools are assigned to various tasks or production lines. Another essential component of 

organizational data is the routing of products through the production process, which in-

cludes the sequence and dependencies of operations. (Jahangirian et al., 2010) 

Knowing the fact that the production process of products works is essential for structuring 

the route of simulation. Production process can be divided into continuous, mass, batch, 

and job shop (figure 8) which each has unique challenges and requirements in simulation 

(Pinedo, 2005). Continuous and mass production systems, which produce the same fre-

quent items with the fixed routing, offer high data consistency and stable workflows, 

which simplify the modeling process (Pinedo, 2005).  In contrast, batch and job shop 

systems involve greater variability, including dynamic routing of products through differ-

ent machines or workstations depending on the order specifications (Pinedo, 2005; Jack-

son, 1963). This feature makes the material flow and scheduling process more compli-

cated, demanding more very detailed input data to accurately represent the production 

environment (Pinedo, 2005). As a result, it makes the simulation design more time-con-

suming and less attainable. In this research, companies’ operations systems are job 

shops with high mix and low/moderate volume. 

 

Figure 8. Production system classification. 
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3. Technical Data 

Technical data includes the physical and functional setup of the manufacturing unit. 

This information incorporates the factory structure, such as the layout of work-

stations, departments, or production cells (Malakuti and Kutsch, 2014). Furthermore, 

the production structure also covers the capabilities, setup requirements, and alter-

native routing options (Choi et al., 2024). Material flow data provides an overview of 

how materials move through the facility, including transportation times and buffer 

capacities (Malakuti and Kutsch, 2014). Additionally, disturbance data is crucial for 

simulating real-world uncertainties, such as machine breakdowns, maintenance 

events, and other disruptions (Smith and Jones, 2013; Fu et al., 2025). 
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 4. SIMULATION MODELLING AND ANALYSIS 

This chapter describes the design, development, and execution of simulation modeling 

in order to analyze subcontractor challenges in a high-mix, low-volume manufacturing 

environment. It follows the eight-step simulation model development process by Manuj, 

Mentzer, and Bowers (2009), guiding the reader through problem formulation, variable 

specification, conceptual model building, data collection, model verification and valida-

tion, simulation execution, and result documentation. 

The simulation model is built using AnyLogic software, centering on the real case that 

includes one main operator and two subcontractors. The simulation focuses is given on 

a bottleneck workstation within a subcontractor's production system, which is recognized 

as a source of inefficiency during initial data analysis. It is designed to determine the 

influence of different scenarios based on different priorities, scheduling, and capacity 

techniques on essential performance measures. 

4.1. Problem Formulation 

In the high-mix, low-volume subcontractor settings, capacity planning is considered one 

of the main challenges. In this case, there are two subcontractors and one main operator 

Functioning in the manufacturing industry sector. From the subcontractor’s side, their 

limited operations capacity, fluctuating order volumes, variable setup durations, and var-

ied customer demand cause significant delays in their order delivery to their customers. 

On the main operator’s side, the unfulfilled orders from subcontractors cause them finan-

cial loss and disruptions in their own production system, creating instability across the 

supply chain.  

Simulation as a tool can be used for analyzing and improving this situation. In this par-

ticular case, a comprehensive simulation would ideally need detailed datasets covering 

all product types, production equipment, and personnel schedules. However, due to the 

high variety and complexity of production, modeling the entire production process was 

considered unfeasible. After the discussions with the participating firms, it was collec-

tively decided to narrow the focus to a single bottleneck workstation. This approach 

aligns Theory of Constraints (TOC), emphasizing on the management of the system’s 

primary bottleneck, and simulation studies have shown that focusing on such constraints 
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often significantly improves throughput and resource utilization (Golmohammadi, 2015; 

Gundogar, Sari and Kokcam, 2016). Therefore, this workstation was identified as a con-

straint within the subcontractor’s system, which has influenced the overall delivery per-

formance and resource utilization. 

The developed simulation investigates different operational scenarios, including cus-

tomer prioritization and various job sequencing. The influence of these scenarios will be 

assessed by analyzing the key performance indicators, such as lead time, queue length, 

and throughput. Calculating these metrics is critical for interpreting the impact of opera-

tional decisions on delivery reliability and overall system efficiency. Ultimately, the model 

is planned to give actionable insights into how subcontractors can align their capacity 

planning strategies with customer expectations, reduce delays, and optimize resource 

utilization. 

4.2. Variable Specifications 

To continue building the simulation, variables need to be specified. The decision on 

which variables can be added to the simulation through discussions with industry profes-

sionals, including company representatives and simulation specialists, to ensure practi-

cal relevance and applicability. In this study, independent variables are customer type, 

order quantity, arrival timing, and sequencing rules. Additionally, dependent variables 

include machine utilization, queue length, lead time, and OEE throughput, which will be 

measured further in the next chapter. Table 4 depicts the key variables in the simulation. 

Table 5. Simulation variables. 

Independent Variable Description 

Customer Client placing the order (e.g., AsiakasC) 

Product Product identifier (e.g., TuoteC130) 

Worknumber Unique job ID 

Qty Quantity of units to be processed 

Start_date Scheduled job start date 

ExecutionOrder Priority sequence of the job 

PlannedDurationMachining Estimated machining time (seconds) 

RealizedDurationMachining Actual machining time observed (seconds) 

PlannedDurationSetup Estimated time for machine setup (seconds) 

RealizedDurationSetup Actual setup time recorded (seconds) 
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4.3. Development and validation of Conceptual Model  

The conceptual model functions as an abstraction, defining the core components and 

interrelations inside the simulated system. Therefore, it is guidance for the next phases 

of model construction and validation. (Cetinkaya, Verbraeck and Seck, 2010; Newcastle 

University and Robinson, 2023). Additionally, the validation of a conceptual model in 

simulation modeling is essential in ensuring that the outcomes are dependable and rel-

evant in practical situations. For this matter, the model is presented to simulation experts 

and SMEs. 

The conceptual model represents a simplified view of the subcontractor’s production pro-

cess of their bottleneck workstation (Figure 9). Starting with two distinct sources: Source 

1, which represents actual production data derived from historical records, and Source 

2, which reflects planned production based on anticipated future demand. These two 

sources can be chosen in order to allow the model to simulate both real-world perfor-

mance and forecasted scenarios one at a time. 

The next block is the Job sequencing block, which entities filter from there based on their 

pre-set priority. From the Job sequencing block, entities are routed into the chosen Work 

cell. These workstations simulate the physical locations where machining or assembly 

tasks are performed. After processing, the jobs exit the system through a Sink, which 

represents the completion of the production cycle. 

Beneath the main process flow, the model includes a detailed sub-process for resource 

management, specifically focusing on labor and machine utilization. A Work shifts block 

defines the availability of labor resources, which are then allocated through a Seize–

Delay–Release sequence. This sequence models the allocation of labor and machines 

to jobs, the time taken for processing (Delay), and the release of resources for the next 

task. Labor is involved in both the Seize and Release stages, emphasizing its critical role 

in the operation of the bottleneck workstation. 

This conceptual model serves as the foundation for the simulation’s logic and structure. 

It ensures that the model accurately reflects the subcontractor’s operational environment 

while maintaining flexibility for scenario testing. The abstraction also supports validation 
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by stakeholders, as it clearly communicates the system’s components and their interac-

tions 

 

Figure 9. Conceptual model 

4.4. Collect Data 

Data collection is a critical step in simulation modeling, as the accuracy and reliability of 

the model heavily depend on the quality and completeness of the input data. This stage 

is proceeded simultaneously with the conceptual model development stage. The data 

was collected in two phases: an initial phase using AI-generated datasets and a subse-

quent phase incorporating real-world data provided by the case companies. 

During the initial phase, AI-generated data is used to construct the foundational structure 

of the simulation model. This database includes two sets of data. planned production 

and realized production data, which each consist of customer orders, machining and 

setup durations, quantity, start day, and work orders. This dataset helps with initiating 

the simulation while waiting to receive the ERP data from the subcontractors, which en-

ables early testing of model logic and structure. 

Once the real data becomes available, the integration step starts in order to enhance its 

realism and validity. To ensure consistency, the data was cleaned, formatted as required, 
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so the format of tables in the real dataset is the same as the AI-generated ones, but with 

the real functioning numbers.  Any missing values are also addressed through interpola-

tion techniques. Finally, the dataset enables the simulation to reflect actual production 

behavior and constraints in the specific workstation.  

4.5. Develop and Verify Computer-Based Model 

Following the conceptual model, the next step includes converting the conceptual model 

into a functional computer-based simulation using AnyLogic software. The model is built 

using the AnyLogic Libraries (e.g., Process Modeling Library, Agent Components), al-

lowing modular and visual representation of the production flow, resource constraints, 

and job sequencing logic. Figure 10 shows examples of AnyLogic libraries. 

 

Figure 10. Example of AnyLogic libraries. 

Moving to the simulation process model, which begins with two selectable data sources: 

planned and historical sources, allowing the user to choose between forecasted and real-

world scenarios. Jobs (agents) are generated and first pass through the CheckStartDate 

block, which ensures that agents are released according to their scheduled start dates. 

Then, they enter a Queue block, where their priorities are evaluated. Next is the bottle-

neck workstation that is modeled using a standard Seize–Delay–Release structure, 

where in the delay block, the production of goods is executed. In this workstation, allo-

cated resources such as labor and machines are used in simulation to proceed with the 

agents. The model also incorporates a labor shift schedule and machine availability logic 

to reflect real operational constraints. After completing their task at the Release block, 
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agents move to the Sink block, where they exit the system, and the process concludes. 

Figure 11 illustrates the computer-based model of simulation. 

 

 

Figure 11. Computer-based model. 

Model verification is also critical to make sure the simulation model is correctly imple-

mented according to the conceptual design and logic (Law and Kelton, 1991). There are 

different verification techniques for the internal logic of the model, such as structured 

walkthroughs, debugging, code review, and modular testing (Kleijnen, 1992). In this 

study, structured walkthroughs have been done to make sure the model is logically cor-

rect. These walkthroughs involved presenting the model to simulation specialists at dif-

ferent stages of progress to get feedback and reviews. 

Debugging, in this context, encompasses a step-by-step analysis, identification, and cor-

rection of problems (bugs) inside the developed model. This involves examining both the 

model’s code and its logical structure to ensure the intended behavior of elements. For 

the model illustrated in Figure 11, verification has been carried out by observing the flow 

of agents (jobs) as they move through critical components such as the data source se-

lectors (selectActualProduction, selectPlannedProduction), the queue, the resource 

seize block, the processing delays (setupTime, productionTime), and the release block.  

During these debugging steps, real-time values of internal variables, parameters, and 

resource states (e.g., labor and machine availability) were observed. This examination 

ensured that agents flow correctly in the model based on the chosen data source, that 

resource allocation within the seize block is accurate, that setupTime and Production-

Time blocks apply the correct delays, and that the release block properly frees resources.  

Event tracing focused on recording and analyzing the precise sequence of events that 

transpired during a simulation run, thereby providing a comprehensive chronicle of every 
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significant action an agent took, or a system state changed throughout the simulation's 

lifecycle.  

For this specific production model, tracing enables a detailed observation of individual 

jobs (agents) from their point of source (either actual Production or planned Production 

Sources) to the end of simulation. It documents their entire progression: through the se-

lection process, their time spent in the queue, the exact moments of resource seizure, 

the duration of processing delays (setupTime and ProductionTime), and their eventual 

resource release before exiting to the sink. Furthermore, event tracing provided critical 

visibility into the fluctuating states of specific labor and machine resources, showing pre-

cisely when they were seized, became busy, and were subsequently released.  

Also, the labor shift schedule and machine availability logic were checked to make sure 

that they were accurately applied throughout the simulation. By detailing every event, 

this technique proved instrumental in verifying the complex conditional logic, such as 

confirming that the data source selectors (selectActualProduction, selectPlannedProduc-

tion) correctly routed agents based on the chosen scenario.   

In addition to these steps, code reviews were conducted to assess the structure and logic 

of the simulation model’s implementation. Furthermore, output traces were calculated 

and analyzed manually to verify the accuracy of internal outputs. Lastly, while modular 

testing is a commonly recommended verification technique (Kleijnen, 1992), its applica-

tion was limited in this study due to the integrated nature of the simulation model. This is 

mainly because the model has been developed with components such as data source 

selection, queuing, resource allocation, and processing delays, which are highly inter-

linked, so it makes the isolation of individual modules for independent testing impractical 

without compromising the overall logic and flow of the simulation. Therefore, the verifi-

cation was achieved through structured walkthroughs, debugging, event tracing, and 

code reviews. Based on the outcomes of these tests, the model was progressively mod-

ified to ensure that each element worked as planned and the simulation logic stayed in 

line with the conceptual model.  

4.6. Validate the Model 

Model validation is an important step for ensuring that the simulation reflects the real-

world system accurately. Validation in this study was implemented through both qualita-

tive and quantitative methods to ensure that the simulation system's behavior aligns with 
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actual operations at the subcontractor’s bottleneck workstation. The goal was to estab-

lish assurance in the model's ability to produce meaningful and trustworthy results for 

later experimentation and decision-making. 

4.6.1. Expert Review and Face Validity 

The validation process was initiated by engaging with stakeholders in SMEs, including 

company representatives and simulation specialists, to review the structure and behavior 

of the model. Structured walkthroughs and feedback sessions assessed the model's 

logic and results for relevance and realism. This expert review has established face va-

lidity, ensuring that the model's behavior aligned with stakeholder expectations based on 

their domain knowledge and experience. 

4.6.2. Sensitivity Analysis 

In simulation models, sensitivity analysis (SA) has become a vital tool for researchers 

and practitioners in a wide range of fields, from socioeconomics to engineering (Buckova, 

Krajcovic and Edl, 2017; Hnilica et al., 2013). A sensitivity analysis was conducted for 

further model validation on key input parameters such as job arrival rate, machine 

availability, and processing times. This has been done by changing parameters and 

observing the effects on key output variables such as queue length, throughput, and 

OEE to identify which factors had the greatest influence on system performance. 

Sensitivity analysis can be done in a variety of ways, such as Scenario-Based Sensitivity 

(DoE), and One-Factor-at-a-Time (OFAT). 

The One-Factor-at-a-Time (OFAT) approach was implemented to evaluate how each 

input parameter influenced system performance. In this method, one of the variables has 

been chosen to check its impact on the experiment's outcomes, which is particularly 

useful in preliminary evaluations (Khodadoust & Zeraatpisheh, 2024; Behera et al., 

2018). For example, the performance can be evaluated by checking how the OEE and 

throughput change by adding an extra shift to the production. 

In addition to OFAT, Scenario-Based Sensitivity Analysis was used to analyze the sys-

tem behavior under realistic operational conditions. In this method, specific scenarios 

have been chosen, such as Scenario 1: High demand, full staffing; Scenario 2: Medium 
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demand, reduced machine availability; Scenario 3: Low demand, long setup time to ex-

plore system performance. This technique provided a practical insight for subcontractors 

to assess “what-if” cases for supporting decision-making under uncertainty. 
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5. RESULT AND ANALYSIS 

This section explains the execution of the simulation model in AnyLogic. The simulation 

focused on subcontractor operations at a bottleneck workstation within a high-mix, low-

volume manufacturing unit. The goal was to evaluate how different planning strategies 

influence key performance indicators (KPIs) such as lead time, throughput, OEE, queue 

length, and order fulfillment rate. 

5.1.  Perform Simulations 

The simulation starts with the first frame (Figure 12), which gives options for running 

the simulation based on the criteria. To start, “Planned Time” or “Actual Time” needs 

to be chosen so the simulation process can be run with the selected database. Next, 

the user can then select the predefined work shifts under which the simulation will 

operate. In addition, the number of machines and operators used during the simula-

tion can be adjusted to analyze the effect of resource allocation, with one machine 

and one operator set as the default. 

The user can also decide on the failure duration by entering the maximum and mini-

mum amount of time that would occur, as well as adjusting the probability of random 

failures with a slider. Additionally, the percentage of defective products can be added, 

directly impacting the quality performance. Furthermore, the user can add modifica-

tions to set up time reduction and daily maintenance to check the impact of these 

adjustments on overall efficiency. Once the parameters have been set, the simulation 

is executed by clicking the "Start" button, initiating the model run according to the 

defined settings. 
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Figure 12. Simulation's first frame. 

As soon as the simulation begins, the selected source generates agents. The "check-

StartDate" block, which is located right after the source, holds these agents and re-

leases them only when their assigned start date has been verified. Figure 13 illus-

trates the example. 

 

Figure 13. Simulation run example. 



43 

 

5.2. Scenarios and Parameters 

To explore the effects of different operational selections, several simulation scenar-

ios were defined, each of which reflects a real-world key decision. The chosen sce-

narios examine scheduling rules, setup times, shift configurations, and failure set-

tings, which allow analyzing of the individual and combined effects on system out-

comes such as throughput, utilization, and overall efficiency. Table 6 shows two of 

these selected scenarios. 

Table 6. Simulation scenarios. 

Scenario Key Parameters Purpose / Measurement Focus 

Baseline 

Scenario ( 

- Sequencing: FIFO 

- Setup Time: Cur-

rent¨ 

- Shifts: 1 - Fail-

ures: Off 

Establish a reference point for compari-

son. 

Shortest 

Processing Time 

- Prioritize jobs with 

shorter durations 

Measure gains in throughput and queue 

time reduction. 

 

In this case, two scenarios have been chosen. In the Baseline Scenario, the produc-

tion sequence follows the FIFO rule, and the system operates with one shift and no 

failures. The purpose of this scenario is to create a reference point for comparison. 

The second scenario involves reorganizing job data according to the Shortest Pro-

cessing Time Scenario. The SPT aims to measure potential gains in throughput and 

reductions in queue time.  

5.3. Analysis and Document Results 

The last step is analyzing and documenting the results, which consists of interpreting the 

outcomes of the simulation runs and identifying how different operational parameters 

affected system performance.  
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5.3.1. Baseline Scenario  

 

This scenario indicates the standard configurations for the production line. In this 

scenario, the agents proceed to the model using the FIFO (First-In-First-Out) scheduling 

rule. More specifically, the experiment was divided into 4 different configurations, as 

different sources (planned versus actual database) and two shift lengths (regular shift 

(06:00–14:00) and regular shift with 1 hour of overtime). 

For interpreting the result, runs 1 and 2 were generated with the planned source, which 

represents the expected production with predefined job sequences and stable input 

values. However, running two additional 1 hour of overtime has been considered, so the 

scenario also considers how extending one shift can impact the metrics. Conversely, 

runs 3 and 4 used Actual data that considers the real data production with unplanned 

delays. The difference between these two runs is that the 4th proceeds with 1 hour of 

extra time in daily production. 

Considering other parameters such as random failure probability (0.5), maintenance 

duration (15 minutes), and defect rate (0.01) stayed the same. The main reason for this 

was to ensure that the executed performance variations only resulted from the 

differences in shift duration and data source (planned vs. actual) rather than from any 

change in failure or maintenance conditions. Table 7 shows the result tab from simulation 

Runs in the FIFO scenario. 
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Table 7.Simulation result tab (Baseline scenarios). 

 

The results from this group show how different data sources and working hours influence 

the production line’s performance with the FIFO scheduling rule. Looking at the Planned 

data (Runs 1–2), it is visible that the configurations achieved higher throughput and OEE 

than those using Actual data (Runs 3–4), incorporating unplanned delays. In planned 

runs, throughput values were 11.5 and 10.62 units, whereas the Actual runs achieved 

only 7.07 and 7.75 units, showing about a 30–40% reduction in output under real 

conditions. Furthermore, OEE Performance and Total OEE dropped from 25.97% and 
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23.91% in the planned cases to 21.84% and 18.0% in the actual ones, which shows that 

the machine utilization and process flow were less efficient in real production. 

Considering time-based metrics (e.g., Total setup time) to determine how total working 

hours available are being utilized and where inefficiencies happen in the systems. With 

a quick look at the table, it is observable that the total waiting time in all the runs 

accounted for most of the total simulation duration, while actual processing and setup 

times were much shorter, which suggests that products spent a considerable amount of 

time in the queue ( Total waiting time has been considered non-working hours and 

weekend). 

Additionally, extending the working time by one extra hour (Runs 2 and 4) has slightly 

impacted the throughput or OEE. This means that the constraints are the primary barrier 

to workflow coordination rather than in available working time. This result demonstrates 

that improving job sequencing and reducing idle times will yield more performance 

improvements than adding hours to shifts or maintaining optimized scheduling input. 

5.3.2.  Shortest Processing Time  

In the next scenario, agents move towards the system using Shortest Processing Time 

(SPT) which this method prioritizes jobs with the shortest processing durations first. In 

this scenario type, 4 different configurations have been set to evaluate the impact of data 

sources, available capacity, and working hours on the production performance. On one 

hand, runs 1 and 2 proceeded with the planned data, which demonstrated the initial 

perception of the production plan. On the other hand, runs 3 and 4 used Actual 

production data that showed real variations and unplanned disturbances. 

These runs also have differences in their configurations, such as the number of 

resources and shift lengths. In Runs 1 and 3, the model ran with a single shift (06:00–

14:00) and one operator and machine. Whereas Runs 2 and 4 have used an extra three 

hours of overtime and doubled the number of operators and machines to evaluate the 

impact of the capacity increase. Lastly, all the other configurations, like as random failure 

probability (0.2), maintenance duration (15 minutes), and defect rate, were kept 

unchanged, ensuring performance changes were only caused by scheduling, data input, 

and resource settings. Table 8 displays the result table from simulation Runs in the SPT 

scenario. 
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Table 8.Simulation result tab (Shortest Processing Time scenario). 

 

The output from this scenario also depicted how different data sources, capacity settings, 

and working hours influence the production line’s performance as the SPT rule is applied. 

Looking at the Planned data in Runs 1–2, the configurations achieved higher throughput 

and OEE than Runs 3–4 with the Actual production data. Additionally, Throughput in-

creases significantly with having additional resources and overtime. To be more precise, 

Throughput has risen from 14.65 to 32.17 in the Planned runs and from 11.25 to 39.97 

in the Actual runs. This demonstrates that considering the SPT rule and resource in-

creases can have a considerable impact on workflow efficiency. This scenario also 
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showed that OEE Performance and Total OEE improvement by doubling the machines 

and operators in Runs 2-4, highlighting that the system performs better as the workload 

is distributed between more resources. 

Analyzing the time metrics indicates the overall working hour usage and system ineffi-

ciencies. To clarify more in this scenario type, with the following SPT rule total waiting 

time has decreased, from 169–215 hours to 44–70 hours, which suggests that idle time 

will be increased when shorter tasks are being prioritized. Furthermore, production time 

decreased due to faster job completion, and failure and setup times remained low across 

all runs. In addition, shift extension in Runs 2 and 4 and doubling the number of operators 

and machines notably enhance the throughput, and OEE illustrates that efficient job se-

quencing and optimized capacity allocation are key drivers of performance under SPT. 

Overall, these results imply that the SPT approach improves the system's responsive-

ness and productivity by reducing queue accumulation and optimizing resource utiliza-

tion. 

5.3.3. Comparison Between Scenarios 

Comparing scenarios between FIFO and SPT demonstrates how sequential planning 

can significantly impact production efficiency and performance. By looking at Table 7, 

with planned data, throughput increased from 11.5 to 14.65 units in the base setup and 

from 10.6 to 32.2 units when additional capacity was introduced. Similarly, in the actual 

production source, SPT showed an increase in output from 7.1 to 11.3 units in the base 

case and from 7.76 to 39.97 units in the extended setup and doubled resources. Fur-

thermore, it is noticeable that the OEE also outperformed when the system followed the 

SPT rule, as OEE reached up to 54.40%, compared with only 18–25.97% under FIFO. 

Furthermore, Total working hours have been reduced using the SPT approach, which 

shows better capacity utilization. This shows that not only does production efficiency 

depend on available time, but also that the effective system prioritization of tasks matters. 

By processing the job with shorter production time, the SPT approach reduces idle peri-

ods and balances the workload. In contrast, FIFO often causes longer queues and 

wasted capacity as longer jobs delay the flow of shorter ones. 
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Evaluating these scenarios, letting the planners understand how their decisions and pri-

orities can impact the overall system performance. The goal for simulation-based com-

parison is to give the right perspective in making optimal decisions in operational plan-

ning. 

 

Table 9. Scenario comparison. 

Scenario 

Type 

Data 

Source 

Configuration Throughput 

(units) 

OEE 

Total 

(%) 

Total 

Working 

Hours (h) 

FIFO Planned Base (1 shift) 11.5 25.97 56 

Planned + 1 h overtime 10.62 23.91 72 

Actual Base (1 shift) 7.07 21.84 80 

Actual + 1 h overtime 7.76 18.00 90 

SPT Planned Base (1 shift) 14.65 30.05 56 

Planned + 3 h over 

time + 2 

Resources 

32.17 54.40 44 

Actual Base (1 shift) 11.25 22.61 72 

Actual + 3 h over 

time + 2 

Resources 

39.97 55.49 66 

 

In this section, only two scenarios have been examined to evaluate the model’s function. 

However, the model could be extended with a larger set of scenarios to enhance its 

analytical depth. It means that not only can the model evaluate by combining the impact 

of shift configurations, machine availability, failure rates, and job sequencing rules, but 

also, the model is able to investigate statistical robustness to reduce the impact of ran-

domness. In other words, using random seeds in AnyLogic with multiple replications can 

assign different random seed values for each replication. For example, variability in sto-
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chastic parameters (e.g., failure times or defect rates) can be captured, allowing the cal-

culation of statistical confidence intervals for performance indicators such as throughput, 

lead time, and OEE. Considering this method can improve the reliability of the results 

and enable more comprehensive sensitivity and scenario analyses for decision-making 

in capacity planning. 
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6. DISCUSSION AND CONCLUSION  

6.1. Key findings and answering the research questions 

This study explored how simulation modelling can support subcontractors for capacity 

planning within high-mix, low-volume (HMLV) environments. Therefore, five research 

questions were defined to explore this case. First question was: “How to build a 

simulation model that can evaluate subcontractor capacity within a multi-customer 

supply chain?”. To answer this question, researchers highlighted that simulation is a 

powerful tool for examining subcontractor challenges that are normally difficult to quantify 

through static metrics, such as delivery reliability. By following the eight-step simulation 

development process (Manuj, Mentzer & Bowers, 2009), the conceptual and computer-

based models were developed in AnyLogic to showcase a real case of subcontractor 

networks. The model integrated both ERP-derived and AI-generated data in order to 

ensure a realistic representation of production variability.   

Moving to the second question: “What simulation-based strategies can improve 

operational flexibility and profitability for subcontractors in HMLV manufacturing 

systems?”. For this question, Metrics such as OEE and throughput have been used for 

the evaluation of each simulation run. Therefore, firms within the networks would be able 

to decide based on metrics what sort of changes they can apply to their production in 

order to make the most optimal capacity strategies, such as adding an extra shift, 

machine, or changing their customer priorities. 

Proceeding to the third inquiry: “What are the limitations of traditional delivery reliability 

metrics, such as on-time delivery, in assessing supplier capacity from a network-wide 

perspective?”. To answer, delivery reliability is often a one-sided measurement that 

reflects whether a supplier meets promised dates. However, it doesn’t consider the 

internal constraints or trade-offs subcontractors face when serving multiple customers. 

It also ignores network interdependence, as subcontractors may have several equally 

important customers, so meeting one customer’s due date may compromise another’s 

order. This research suggests that using scenario-driven, simulation-based metrics that 

capture real capacity limits, trade-offs, and system-wide impacts can be beneficial 

alongside using delivery reliability metrics. 
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In response to “How can subcontractors balance and prioritize their operations while 

simultaneously serving multiple key customers?”, scenario-based simulation, like first-in-

first-out sequencing, priority-based sequencing, shortest processing time, or setup time 

reduction, can offer a systematic way to test their impact and their trade-off in the 

simulation environment. For instance, the prioritization of key customers can meet 

strategic needs; however, it can cause reduced fairness for others. In another case, 

setup time optimization and added machine capacity can improve throughput and 

support simultaneous fulfilment. Therefore, decision-making requires balancing fairness 

against profitability and responsiveness against stability, which simulation allows 

subcontractors to evaluate those outcomes. 

To address the final question, “How can small and medium-sized industrial enterprises 

adopt simulation models to improve supply chain collaboration and subcontractor 

operations?” — despite limited data availability, staff, and resources, which make it tricky 

to model the high-mix, low-volume enterprises for SMEs— the Theory of Constraints 

suggests that concentrating on bottleneck workstations can still offer valuable insights to 

the businesses. So, with the use of simulation tools such as Anylogic and considering 

only key constraints, SMEs can enhance their capacity planning system. SMEs can 

conduct scenario analysis (e.g., demand fluctuations or machine breakdowns), and 

sensitivity analysis can help able to improve their decision-making and identify the most 

important parameters. 

Apart from technical applications, simulation can be used as a collaboration enabler that 

allows subcontractors and main operators to jointly align capacity, plan priorities, and 

enhance their relationships. Thus, this research argued that it is possible for SMEs to 

not only benefit from simulation for balancing realism and usability of their capacity 

systems, but also that it can support their scheduling, capacity allocation, and customer 

prioritization decisions. 

6.2. Theoretical Contribution 

The research adds value to existing literature through multiple points of contribution.  To 

start with, it is specifically focused on the capacity of subcontractor networks that have 

received less focus compared to Original Equipment Manufacturers (OEMs) and 

simulation studies. Rather than considering subcontractors as passive recipients of 
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orders, the study considers them as active decision-makers whose resource constraints, 

bottlenecks, and prioritization strategies directly impact overall supply chain 

performance. 

Secondly, the traditional supply chain performance metrics are often focused on delivery 

reliability evaluations, such as on-time delivery (OTD). Although OTD can be used as a 

clear and measurable indicator, it may fail to consider capacity restrictions, fluctuating 

demand, or resource shortage criteria. This research argues for metrics such as 

throughput, queue length, and OEE that are more dynamic, scenario-driven, and offer a 

more holistic and actionable view of subcontractor operations. Therefore, this study 

brings an academic discussion on evaluating subcontractors' work by using these 

metrics, arguing about the importance of including operational flexibility and constraint-

based limits along with traditional measures that focus on delivery. 

Furthermore, this study also added to the simulation modelling literature by showing how 

even simplified models can still provide meaningful insights for SME despite their limited 

access to data. This method delivers both precise results and operational simplicity, 

which enables firms with restricted analytical capabilities to use the simulation effectively. 

By using simulation, subcontractors can enhance visibility into their operational capacity. 

Therefore, it is easier for them to collaborate and communicate with the main operators 

regarding their capacity and order management.  

This research emphasized capacity planning as both a technical and relational 

challenge, which highlights the need for collaboration and communication across supply 

chain partners. By emphasizing how subcontractor constraints and collaborative 

decision-making influence overall performance, the study contributes to the literature on 

supply chain resilience and multi-customer prioritization. 

6.3. Research Study Limitations 

This study was constrained by several methodological and practical issues that had an 

impact on shaping the scope of the research. Firstly, limited data availability required the 

use of a substituted database with AI in the early stages of the simulation. Additionally, 

this issue has narrowed down the simulation to only one workstation rather than the 

entire production system. This simplification included cutting and simplifying many 

details in real-world subcontractor operations. For example, the details involve 

fluctuating demand patterns, varying product families, and interdependencies between 
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workstations. Consequently, the dependency on limited data may have impacted the 

accuracy of the model’s result, specifically in those environments that have highly 

dynamic or unpredictable conditions. 

However, it is noteworthy that even with a complete dataset being available, the research 

subject itself would still impose certain constraints. To explain, the simulation model has 

been designed for high-mix, low-volume environments that are fundamentally complex. 

This complexity prevents capturing every real-world scenario, such as human decision-

making, supplier reliability, and sudden design changes can still take their toll on model 

accuracy and manageability.  

Therefore, the limitation was not only in data availability but also in the theoretical 

boundaries of what models can meaningfully simulate. Lastly, due to the single-based 

industry research, the generalization of the findings remains limited. 

6.4. Possibilities of Future Research 

For further research, studying a larger-scale network can be done in order to improve 

the generalization of the findings. This can include integrating more subcontractors, 

industries, or a higher variation of products in the future research scope. As a result of a 

broader data coverage, such as an extended network, the model can enable a better 

comprehensive validation and allow the model to represent a wider range of real-world 

events. 

From a technical perspective, including larger datasets such as ERP-based databases 

or Internet of Things (IoT) devices demands a more structured approach. To explain, 

larger datasets would require structured data processing practices, such as cleaning, 

filtering, and normalization, to ensure accuracy and comparability. In addition, Practices 

such as correlation, variance, or normality checks are needed to verify the relationships 

and variability between operational parameters before including them in the simulation. 

From managerial viewpoints, future research can work on developing a collaborative 

decision-making tool that provides both subcontractors and main operators with data-

driven insights into capacity allocation and job prioritization across the network. For 

example, developing a platform that gives access to the main operator for monitoring the 

subcontractor performance dynamically and adjusting their workloads or orders based 

on up-to-date capacity information. 
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Lastly, future studies can add additional metrics such as cost, environmental influences, 

and customer service levels in their simulation model. As a result, this can provide the 

companies with a deeper analysis of operational decisions' impacts on financial, envi-

ronmental, and customer-related outcomes that support both sustainable and efficient 

supply chain management. 
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