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ABSTRACT

The manufacturing industry is currently undergoing a rapid transformation driven by increasing
demand for mass customization and shorter product lifecycles. Within this context, production
ramps up during the transitional phase between initial production and stable, full-capacity
operation is a critical driver of competitiveness and financial payback. However, this phase is
inherently unstable, particularly in greenfield projects where a significant "data gap" and lack of
established routines lead to failure rates of approximately 60%. Current planning methods often
struggle to capture the socio-technical complexity of manual mixed-model assembly lines, where
human variability and high product diversity create shifting bottlenecks and balancing
challenges.

The purpose of this study is to develop and demonstrate a reusable, parameter-driven Discrete-
Event Simulation (DES) model to support decision-making during the greenfield ramp-up of a
new crawler excavator assembly line at Volvo Construction Equipment (Volvo CE) in
Eskilstuna. Following a collaborative case study approach and the established Banks' 12-step
simulation methodology, the research utilized triangulation by cross-referencing Gemba
observations, semi-structured interviews, and technical benchmarks from international sister
plants.

The empirical results, generated through the FACTS Analyzer software, demonstrate that a
realistic ramp-up model must explicitly represent station-level cycle times, demand-driven takt
time, and time-dependent efficiency (learning curves). The simulation revealed that progressive
efficiency gains, from approximately 80% in the first year to 87% in the third year, are
fundamental to maintaining target output under increasing demand. Furthermore, the study
identifies how strategic buffering and sequencing rules can mitigate the "noise" of manual
variability.

The study concludes that DES serves as a robust Decision Support System (DSS) for greenfield
projects, enabling managers to evaluate "what-if" scenarios for line balancing and product-mix
strategies before physical assets are committed. By providing a virtual instrument to validate
operational strategies, this research reduces the strategic and technical risks inherent in complex
manufacturing transitions.

(Keywords: Discrete Event Simulation, Production Ramp-up, Mixed-model Assembly,
Decision Support System, Greenfield, Volvo CE)
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1. INTRODUCTION

This chapter provides the background for the research, outlining the rapid transformation of the
manufacturing industry and the critical role of the production ramp-up phase. It introduces the
terminology of assembly and production systems, highlighting the inherent complexities and
uncertainties in greenfield projects. Finally, it defines the research problem, aim, and questions
that guide this study (Doltsinis et al., 2020).

1.1. Background

Manufacturing industries all around the world are currently facing a rapid transformation due to
higher markets demand for customized products, shorter lead times, and fluctuating customer
needs (Haller et al., 2025; Heraud et al., 2023). This transformation has placed huge pressure on
production systems to become more flexible, scalable, and resilient in environments which have
high uncertainty (Heraud et al., 2023; Melnychuk et al., 2022). As manufacturing companies
want to remain competitive in the global markets, they intend to find a solution to ensure that
new production systems can transition effectively from initial concept to stable, full-capacity
operation. One of the most critical stages in this transition is the production ramp-up, which
represents the period between finishing the first steps of production and reaching full, stable
output with planned performance levels in terms of quality, throughput, and cost (Wheelwright
& Clark, 1992). During this time, both people and processes are still learning, which often leads
to uncertainty, long cycle times, and interruptions in the production flow (Bstieler, 2012; Surbier
et al., 2014).

The ramp-up phase is widely introduced in literature as one of the most complex, unpredictable,
and resource consuming stages in the lifecycle of a production system (Heraud et al., 2023; Haller
et al., 2025). During the ramp-up phase, production system commonly faced unstable processes,
disturbances, extended cycle times, and limited operational knowledge, which contributed to
significant performance reduction (Bstieler, 2012; Surbier et al., 2014). Because the production
system has not yet reached its maturity level, human performance, equipment behavior, and
material has considerable variations (Haller et al., 2025 ; Wang et al., 2020). These issues not
only reduce productivity but also increase strategic risk, with data suggesting that over 50% of
ramp-ups fail to meet their technical or economic goals (Wang et al., 2020) especially when
customer expectations and market pressures are at the highest but the system’s effective capacity
is at its lowest (Doltsinis et al., 2020; Heraud et al., 2023). For many manufacturing companies,
the ability to manage ramp-up effectively and efficiently is directly linked to competitiveness,
customer satisfaction, and early revenue realization (Heraud et al., 2023; Terwiesch & Bohn,
2001).

The management of a production ramp-up becomes even more difficult when it comes to
greenfield projects, where production systems are developed completely from scratch (Schmid
et al., 2022; Schuh et al., 2015). Unlike brownfield environments, where organizations can rely
directly on historical data, legacy processes, and operator experience within the same system,
greenfield factories typically rely on data from existing or similar production systems. However,
such data may not fully represent the new production context, introducing uncertainty in planning



and decision-making. This makes it harder to predict how the production system will behave
once manufacturing begins (Dombrowski et al., 2018). The absence of established workflows,
mature quality procedures, and validated production layouts leads to considerable uncertainty,
and research shows that more than half of greenfield ramp-ups in such contexts struggle to meet
their initial targets for time, cost, or quality (Schuh et al., 2015). These challenges highlight the
need for systematic planning approaches that explicitly consider key production parameters
before physical implementation, reducing the risk of costly adjustments later. One promising
approach to mitigate these challenges is the use of simulation-based or virtual verification
methods, which enable the evaluation of production system behavior under different scenarios
before implementation (Banks et al., 2010; Law, 2015).

In recent years, Discrete Event Simulation (DES) has emerged as one of the most valuable tools
for planning and evaluating production ramp-ups, particularly in complex assembly
environments (Schmid et al., 2022; Heraud et al., 2023). Modelling the production system in
DES makes it possible to study how a production system will behave over time, even before
anything is built physically. Also, DES allows engineers to evaluate the interactions between
resources, workstations, operators, and material flows that would be difficult to predict using
static planning tools (Banks et al., 2015; Robinson, 2004). In this context, a parameter-driven
modelling approach refers to structuring the simulation model based on key input parameters
such as demand rate, task times, resource availability, and product mix. This enables the model
to remain flexible and reusable, as different production scenarios can be evaluated by modifying
input values without changing the underlying model structure (Banks et al., 2015; Law, 2015).
DES supports decision-making by enabling users to test different scenarios, assess the
consequences of variability, identify bottlenecks, test staffing levels, and validate different
layouts before production system build physically (Heraud et al., 2023; Schmid et al., 2022;
Doltsinis et al., 2020). By proactively deploying DES as a virtual planning tool during the design
stage of the production system before physical implementation and commissioning begin,
companies can virtually identify bottlenecks and reduce technical uncertainty (Heraud et al.,
2023; Schmid et al., 2022; Etxagibel Larrafiaga & Loschkin, 2016). This approach reduces the
risk of costly modifications and ensures that the production system behavior aligns closely with
expectations of ramp-up plans.

Although many studies address specific aspects of the ramp-up phase, such as worker learning,
throughput stability, or balancing strategies, current research highlights a lack of integrated
simulation models that can support the entire ramp-up process from initial production to
steady-state operation (Doltsinis et al., 2020; Heraud et al., 2023). Many existing approaches
focus on isolated problems rather than providing a holistic decision-support framework that
incorporates variability, layout constraints, human factors, and operational strategies within a
single model (Almgren, 2000; Terwiesch and Bohn, 2001). While discrete-event simulation is
widely recognized as a powerful tool for analyzing complex production systems and evaluating
different operational scenarios (Banks et al., 2010; Law, 2015), it also has important limitations.
Simulation models depend heavily on assumptions and input data, which may not fully represent
real system behavior, particularly in early-stage or greenfield contexts where data is derived from
existing systems and involves uncertainty (Negahban and Smith, 2014). Furthermore, accurately
modelling human behavior, learning curves, and dynamic decision-making in manual production



systems remains challenging, which can affect the reliability of the results (Gilirdiir et al., 2019;
Baines et al., 2005). Therefore, there is a need for simulation approaches that not only integrate
key system dimensions but also explicitly acknowledge and account for uncertainty and
modelling limitations. This creates an opportunity for research that develops a structured and
reusable simulation framework capable of supporting ramp-up planning, comparing design
alternatives, and identifying potential risks in advance.

1.2. Problem formulation

Despite extensive research on production ramp-up, significant challenges remain in supporting
decision-making during this phase. Existing studies often address specific elements of ramp-up,
such as human learning curves, capacity scheduling, or line balancing, but these aspects are
typically treated in isolation rather than as part of an interconnected system (Glock & Grosse,
2015; Heraud et al., 2023). As a result, there is a lack of integrated decision-support frameworks
that capture interactions between variability, resource constraints, layout configurations, and
human factors during the ramp-up process (Doltsinis et al., 2020; Heraud et al., 2023). Few
approaches provide structured, parameter-based simulation models that support the analysis of
ramp-up strategies from early-stage design to stable production (Heraud et al., 2023; Haller et
al.,2025). This gap creates a challenge for industries operating in greenfield environments, where
decision-making is characterized by high uncertainty and limited system-specific data.
Therefore, there is a need for modelling approaches that can support the evaluation of alternative
ramp-up strategies and provide insights into system performance before physical
implementation. In this context, ramp-up strategies refer to different approaches for introducing
and scaling production, such as the sequence of product introduction, the rate of volume increase,
staffing and operator allocation, and line-balancing configurations. These strategies influence
how the production system evolves from initial operation to a stable state and require systematic
evaluation to understand their impact on performance.

Manual production systems add more complexity to the DES models, because human operators
have variability in speed, learning, ergonomics, and decision-making. Human-dependent
processes such as skill acquisition, inconsistent task execution, and physical strain significantly
influence the throughput and stability during ramp-up phase (Doltsinis et al., 2020; Falck &
Rosenqvist, 2012). For mixed-model production lines, where several product variants are
assembled on the same line, the complexity increases furthermore with different cycle times,
component requirements, and workstation tasks Doltsinis et al., 2020; Jeong et al., 2023). To
manage this type of complexity and ensure a smooth, predictable flow in mixed-model
production system, line balancing, the tactical decision-making process of assigning tasks to
workstations to distribute workload evenly is essential (Boysen et al., 2021; Kucukkoc & Zhang,
2016; Wellington & Lewis, 2018). Effective balancing aims to synchronize the line's cycle time
with the takt time (customer demand rate), yet achieving this in the unstable ramp-up
environment remains a major industrial challenge (Dombrowski & Hanke, 2017; Glock et al.,
2012; Heraud et al., 2023; Surbier et al., 2014).

Furthermore, although Discrete Event Simulation (DES) is a proven tool for identifying
bottlenecks and evaluating "what-if" scenarios, existing models often fail to sufficiently reflect



the unique complexity of manual mixed-model assembly (Banks et al., 2015; Doltsinis et al.,
2020; Heraud et al., 2023). In these socio-technical environments, the interplay between
stochastic human variability and complex product-mix sequences remains under-represented in
current planning tools (Falck & Rosenqvist, 2012; Scrimieri et al., 2015; Collins et al., 2021).
Consequently, manufacturing companies lack the necessary virtual instruments to validate
strategies and mitigate strategic risks before physical implementation begins (Ball et al., 2011;
Heraud et al., 2023; Haller et al., 2025)

1.3. Purpose and Research questions

Research Purpose - The purpose of this thesis is to develop and demonstrate a reusable,
parameter-driven discrete-event simulation model that supports decision-making during
production ramp-up phase of a mixed-model manual production system. This is achieved by
enabling the evaluation of alternative ramp-up profiles and line-balancing strategies and
analysing their effects on production performance, bottlenecks, and system robustness.

To address this gap, there is a need for simulation approaches that can support ramp-up planning
by enabling the evaluation of alternative strategies under varying system conditions. Such models
should allow the incorporation of key production parameters and real system data, enabling more
realistic analysis of production performance, bottlenecks, and system variability. This highlights
the need for modelling approaches that can support informed decision-making during the ramp-
up phase in complex production environments.

To fulfil the purpose two research questions have been formulated as follow:

Ist RQ: What production system characteristics and parameters must be represented in a
parameter-driven DES model to realistically capture and evaluate production ramp-up strategies
in a mixed-model manual production system?

2nd RQ: What bottlenecks and risks emerge in the mixed-model manual production system
during the ramp-up phase?

1.4.Thesis Scope

This thesis is subject to several limitations that define its overall scope. The research focuses on
the sub-assembly and final assembly stages within a mixed-model manual production system in
a greenfield factory context. Upstream processes, such as fabrication and supplier flows, are
included only as simplified inputs and are not modelled in full detail. The study relies on data
from reference plants, including cycle times, product routings, and staffing assumptions. As these
inputs are based on existing systems and partially evolving project data, several assumptions are
required, which may change as the project progresses. Furthermore, the factory layout is not yet
fully finalized or verified. Since the physical layout is still under development, changes in station
design, number of stations, material flows, or logistics planning may affect the structure of the
simulation model. Finally, the model is designed for strategic decision support rather than real-
time operational control. It provides concept-level validation and scenario analysis, focusing on
overall system behaviour rather than detailed operational execution. Given these limitations, the



simulation should be interpreted as a tool for early-stage planning and understanding system
behaviour, rather than a complete representation of the final production system.
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2. THEORETIC FRAMEWORK

The theoretical framework provides the scientific foundation for this thesis, establishing the
concepts and relationships necessary to evaluate the greenfield ramp-up of a mixed-model
production line (Gauss et al., 2025; Jeong et al., 2023; Schuh et al., 2015). This chapter serves as
a bridge between established operations management principles such as Lean production and the
Theory of Constraints (TOC), and the specific operational challenges of manual assembly in a
high-variety environment (Christensen & Rymaszewska, 2016; Gauss et al., 2025). By
synthesizing literature on system complexity, and Discrete Event Simulation (DES), this
framework provides the "lens" through which the empirical results are analyzed (Gauss et al.,
2025; Haller et al., 2025; Jeong et al., 2023; Schuh et al., 2015). The chapter is organized into
three primary pillars: the fundamentals of production systems, the dynamics of the production
ramp-up phase within the Production System Development (PSD) lifecycle, and the role of
simulation as a Decision Support System (DSS) (Banks et al., 2015; Gauss et al., 2025; Haller et
al., 2025).

2.1.Fundamentals of Production and Assembly Systems

From a system perspective, a production system can be defined as a set of interrelated
components that collectively transform inputs into finished products (Gauss et al., 2025; Haller
et al., 2025). These components typically include human resources, technical equipment,
material flows, information, and control mechanisms, whose interactions determine overall
system performance (Heraud et al., 2023). Within this context, assembly systems constitute a
critical subsystem of the broader production system (Melnychuk et al., 2022). While upstream
processes such as fabrication and logistics supply parts and materials, the assembly system
integrates these elements into final products, making it highly sensitive to variability and
disturbances originating elsewhere in the system (Melnychuk et al., 2022; Gauss et al., 2025).

Manual assembly systems are therefore commonly characterized as socio-technical systems, as
they rely on complex interactions between human operators and technical elements such as tools,
workstations, and machinery (Schuh et al., 2015; Hasanain, 2024). In these systems, human
operators utilize their inherent dexterity, experience, and judgment to combine parts into final
products. Assembly work can be understood as a form of spatial problem-solving, where
operators develop and adapt mental models to interact with spatial information and physical
components (Noman et al., 2025).

Unlike automated systems, manual assembly is subject to significant stochastic behavior due to
individual differences among operators (Doltsinis et al., 2020; Haller et al., 2025). Human-
related variability in task execution arises from several factors. Physical and demographic
characteristics, such as age, physical condition, and gender, can influence task execution time
and fatigue levels (Battaia & Dolgui, 2022; Noman et al., 2025). Differences in skill and
experience further contribute to performance variation, as operators with similar task
assignments may exhibit different levels of efficiency and consistency (Burggréif et al., 2016;
Jung et al., 2022). In addition, cognitive factors play an important role: the way work instructions
are presented whether through paper-based documents or digital interfaces affects cognitive load,
working memory, and attention, which in turn influences assembly time and error rates (Noman
et al., 2025).

2.2. Production Ramp-up: Concepts, Challenges, and Failure Modes
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Production System Development is the holistic process of designing, creating, or improving
manufacturing environments to attain higher efficiency and competitiveness (Bellgran & Séfsten,
2010; R6si6 & Bruch, 2018). This process is typically structured into distinct phases, including
initiation, preparatory design, detailed design specification, and realization (Gauss et al., 2026;
Bellgran & Séfsten, 2010).

Within this broader development lifecycle, the production ramp-up represents the final
transitional phase that moves the system from a conceptual state to operational reality (Heraud
et al., 2023; Gauss et al., 2026). It is often referred to as a "design-in-use" process, where design
assumptions are recalibrated against the unfolding dynamics of the physical production floor
(Gauss et al., 2026; Christensen & Rymaszewska, 2016).

2.2.1 Defining the Ramp-up Phase

Production ramp-up is defined as the value-creation phase that starts with the completion of
product and process design and ends with the transition to full-capacity series production (Haller
et al., 2025; Heraud et al., 2023). Within this transition, researchers often utilize more refined
phase models to delineate progress; for instance, the ramp-up is frequently divided into a pilot
phase comprising pre-series prototype production and zero-series production under serial
conditions followed by the run-up (or scale-up) itself, where output is progressively increased to
reach the final production level (Schmitt, 2015; Schuh et al., 2008). From a process perspective,
this includes commissioning (the approval and correction of production assets) and the
subsequent use phase where the system matures (Gangal et al., 2009).

Operationally, ramp-up is characterized as a "human-machine fine-tuning process" or a "highly
complex parameter tuning process" (Doltsinis et al., 2020). It is widely viewed as a "design-in-
use" process, meaning that the theoretical assumptions made during the design stage are
constantly recalibrated against the unfolding stochastic dynamics of the physical production floor
(Winkler et al., 2007). This phase is uniquely challenging because it creates a "nutcracker" effect
for manufacturing firms, they face the highest customer demand and premium prices while
simultaneously operating at their lowest effective capacity, lowest yields, and highest cycle times
(Terwiesch & Bohn, 2001).

Furthermore, the phase is defined by four core operational characteristics that distinguish it from
steady-state manufacturing: low initial knowledge about the product and process, low production
output, limited production capacity, and high disturbances in the supply chain and process
reliability (Klocke et al., 2016; Terwiesch & Bohn, 2001). Because of these factors, ramp-up is
an inherently unstable period where striking discrepancies between planned and actual
performance curves often lead to failure rates of approximately 60% (Jeong et al., 2023). The
phase is only considered complete when the production system consistently achieves its
predefined target levels of volume, cost, and quality (Heraud et al., 2023).

2.2.2 The Greenfield Context

Production system development is traditionally executed within two distinct industrial contexts:
brownfield and greenfield (Bellgran & Séafsten, 2010; Gauss et al., 2026). A brownfield project
involves the evolution, modification, or expansion of an existing manufacturing facility, where
planners can leverage established organizational routines, historical performance data, and the
accumulated experience of the current workforce (Haller et al., 2025; Shook, 2010). In contrast,
a greenfield project entails the creation of a production system entirely from scratch, often
involving new product architectures, new manufacturing technologies, and a completely new
physical site (Doltsinis et al., 2020; Gauss et al., 2026).

The challenges of the ramp-up phase are significantly heightened in the greenfield context
(Dombrowski et al., 2018; Schuh et al., 2015). Unlike brownfield environments, which can rely
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on legacy procedures and past records to predict system behavior, greenfield factories face a
profound "data gap" where no on-site historical performance records exist (Dombrowski et al.,
2018; Haller et al., 2025). In this setting, uncertainty is extremely high because the product, the
production system, and the entire supply chain network are often entirely new to the organization
(Doltsinis et al., 2020; Hansen & Grunow, 2015).

While the greenfield context offers a "clean slate" to implement ideal workflows and state-of-
the-art manufacturing principles free from the constraints of inappropriate legacy assets or
entrenched habits, it simultaneously lacks the stability provided by established routines (Gauss
et al., 2026; Shah & Ward, 2003). Planners in these environments are frequently forced to rely
on oversimplified models or theoretical benchmarks derived from comparable "sister" plants,
which often fail to capture the complex socio-technical interdependencies that only emerge
during the actual physical start-up (Gauss et al., 2026; Glennan et al., 2022). This discrepancy
between planned and actual conditions often leads to a failure to meet initial targets, as the system
must transition through an unstable period of "design-in-use" to calibrate theoretical design
assumptions against the real, stochastic dynamics of the production floor (Christensen &
Rymaszewska, 2016; Gauss et al., 2026).

2.2.3 Operational Characteristics and Complexity

Despite its financial importance, the ramp-up phase is traditionally characterized as unstable and
unpredictable (Doltsinis et al., 2020; Schuh et al., 2015). It is marked by a low initial level of
knowledge about the product and process, low production output, and high cycle times (Haller
et al., 2025; Surbier et al., 2014).

This instability is often driven by operational complexity, which includes dimensions of
diversity, relations, and dynamics (Gauss et al., 2026; Schuh et al., 2015). In manual mixed-
model assembly, this complexity stems from high product variety, where different work contents
across stations make it difficult to maintain a stable line balance (Haller et al., 2025; Jeong et al.,
2023).

2.2.4 Failure Modes in Ramp-up

Research indicates that approximately 60% of production ramp-ups fail to meet their initial
quality, time, or cost targets (Haller et al., 2025; Dombrowski et al., 2018). Failure modes are
frequently linked to unpredicted equipment failures, excessive downtime, and operator mistakes
(Haller et al., 2025; Scrimieri et al., 2015).

These failure events are often attributed to the high dynamics and complexity of the ramping-up
system, which can overstrain the capabilities of decision-makers (Haller et al., 2025; Schuh et
al., 2015). Furthermore, delays in material supply and immature quality procedures often lead to
unpredicted bottlenecks that require restoring the system to a previous operational state (Haller
et al., 2025; Scrimieri et al., 2015).

2.2.5 Production Ramp-up Strategies
The selection of an appropriate ramp-up path is vital for balancing the trade-offs among product
complexity, market demand, and process stability (Heraud et al., 2023). Scholars identify three
primary strategies based on product variety and technical complexity:

e "Slow Motion": This involves a parallel ramp-up of several variants at constant, low

volumes until all processes are verified; it is most suitable for highly automated contexts
(Heraud et al., 2023).
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"Dedication": Variants are ramped up with accumulative volumes in a grouped launch,
aiming to eliminate problems at an early stage through high logistic capability (Heraud
et al., 2023).

"Step-by-Step": This strategy involves the sequential introduction of high-complexity
variants, providing greater stability and control over work assignments during the
immature phase (Heraud et al., 2023).

"Copy-Exactly" (CE): A strategy where a process is developed at a lead site and then
"frozen" and copied to subsequent sites without changes to minimize discrepancies and
reuse operational knowledge (Doltsinis et al., 2020; Scrimieri et al., 2015).
Prepare-and-Adapt: Modern frameworks for new systems suggest shifting from a
"predict-then-act" mindset to one that emphasizes responsive monitoring and timely
adjustments as real production dynamics unfold (Gauss et al., 2025).

2.2.6 Bottlenecks in the Ramp-up Phase

Bottlenecks during ramp-up are fundamentally different from those in steady-state production
because they are often shifting and unpredictable (Haller et al., 2025; Christensen &
Rymaszewska, 2016).

Sequence-Dependent Dynamics: In mixed-model assembly, bottlenecks can shift station-
to-station depending on the specific order sequence of products and the varying cycle
times between models (Andersen, n.d.).

Capacity-Constrained Resources: Following the Theory of Constraints (TOC), the
bottleneck is often a capacity-constrained resource where lack of synchronization caused
by process "noise" (e.g., equipment failure, idling, or minor stops) leads to system-wide
starvation or blocking (Gauss et al., 2025).

Data-Gap Identification: Because greenfield projects lack historical data, traditional
collection methods often fail to detect these constraints; parameter-driven simulation is
required to pinpoint where workstations continue to receive loads close to their maximum
capacity (Haller et al., 2025; Jung et al., 2022).

2.2.7 Robustness and Generic Ramp-up Risks

Ramp-up is the "least well managed phase of the entire innovation process," with failure rates
near 60% due to several generic risks (Haller et al., 2025).

Technical Risks: These include unpredicted equipment failures, excessive downtime for
maintenance, and parameters falling out of tolerance due to design oversights (Haller et
al., 2025; Scrimieri et al., 2015)

Socio-Technical Risks: Human-dependent factors such as operator mistakes, physical
strain/fatigue not identified during development, and "organizational forgetting"
(knowledge loss due to turnover) can cause the system to regress to a non-functional state
(Haller et al., 2025; Village et al., 2017).

Supply Chain Variability: Risks often manifest as "explosive" variability in part
tolerances from sub-suppliers when they scale from prototype to volume production,
forcing operators to become adaptive rather than routine (Village et al., 2017).

Strategic and Financial Risks: The primary strategic risk is a delayed "time-to-volume,"
which prevents the company from skimming profits during the peak price period early in
the product lifecycle (Terwiesch & Bohn, 2001; Haller et al., 2025).
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¢ Robustness Management: To manage these risks, practitioners must move toward "ramp-
up sturdy" systems—those capable of reacting to unit and variant fluctuations through
the strategic deployment of interchangeable inventory, capacity, and time buffers (Gauss
et al., 2025; Haller et al., 2025).

2.3. Human Learning Dynamics in Production Ramp-up

Human learning is a primary driver of performance during the production ramp-up phase, as the
workforce transitions from a state of low initial knowledge about new products and processes to
full operational proficiency (Heraud et al., 2023; Christensen & Rymaszewska, 2016; Jeong et
al., 2023). This process involves the accumulation of knowledge through repetition and
familiarisation, leading to measurable improvements in cycle times, product quality, and system
capacity (Jeong et al., 2023; Doltsinis et al., 2020; Terwiesch & Bohn, 2001). The literature
presents several theoretical perspectives on how this learning manifests and how it can be
modeled within a production system.

2.3.1 Traditional Experience Curves: Wright’s Law

The earliest scholarly representation of learning is the log-linear model, often referred to as
Wright’s Law (Christensen & Rymaszewska, 2016; Jeong et al., 2023). This theory suggests that
the time or cost required to perform a task decreases at a constant percentage rate every time the
cumulative production volume doubles (Christensen & Rymaszewska, 2016; Terwiesch & Bohn,
2001; Scrimieri et al., 2015). While widely used for long-term strategic planning, this model is
frequently criticized in ramp-up research for being too "naive" (Terwiesch & Bohn, 2001).
Critics argue that it implies that learning is an automatic, predetermined process that happens
independently of managerial decisions, neglecting the complex underlying dynamics of a new
production system (Terwiesch & Bohn, 2001; Scrimieri et al., 2015).

2.3.2 Dual-Learning Framework: Induced vs. Autonomous Learning

To move beyond the limitations of simple experience curves, researchers like Terwiesch and
Bohn distinguish between two fundamental drivers of learning (Terwiesch & Bohn, 2001;
Scrimieri et al., 2015):

e Autonomous Learning (Learning-by-Doing): This occurs automatically as a result of
cumulative production experience. It is typically measured by cumulative production
volume or calendar time as workers gain motor skills through repetition (Terwiesch &
Bohn, 2001; Scrimieri et al., 2015).

e Induced Learning (Deliberate Learning): This involves explicit investments in
knowledge creation through activities such as engineering trials, training, and controlled
experiments (Terwiesch & Bohn, 2001).

A central paradox in ramp-up theory is the trade-off between these two; induced learning
(experimentation) requires withdrawing scarce capacity from salable production in the short
term to secure long-term productivity gains (Terwiesch & Bohn, 2001; Heraud et al., 2023).
Studies show that underinvesting in deliberate learning can lead to a 20% loss in potential
contribution over a product's lifecycle (Terwiesch & Bohn, 2001).
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2.3.3. Non-Linear Models: Sigmoid and S-Curve Theories

Unlike linear models, the Sigmoid (S-curve) model characterizes learning as a three-phase
process (Christensen & Rymaszewska, 2016; Schmid et al., 2022)

e Prototyping Phase: Initial progress is slow as basic process knowledge is gathered
(Christensen & Rymaszewska, 2016).

e Zero Series Phase: Learning proceeds at the greatest rate as extensive testing and
improvement take place under serial conditions (Christensen & Rymaszewska, 2016).

e Maturity Phase: Performance plateaus as the system reaches its steady-state capacity
(Christensen & Rymaszewska, 2016; Xu et al., 2024)

A specific application of this theory in simulation is the Stanford Learning Curve, which uses a
sigmoid function to represent an employee's experience level as a value between 0 (no
experience) and 1 (absolute expertise) (Schmid et al., 2022). This experience level then serves
as a scaling factor to dynamically adjust processing times and quality rates during the transition
from an "unstable" initial state to a stable series production state (Schmid et al., 2022).

2.3.4. Factors Influencing Learning Rates and Knowledge Retention
Learning does not occur at a uniform rate and is influenced by several critical factors:

System Complexity: High product diversity and complex assembly tasks can overchallenge
operators, leading to flatter learning curves and a higher frequency of errors (Jeong et al., 2023;
Schuh et al., 2015; Hasanain, 2024). Reducing process complexity is often a recommended
strategy to ensure better learning performance (Jeong et al., 2023).

Knowledge Transfer and Spillover: "Spillover learning" occurs when knowledge gained in one
ramp-up project or product variant is transferred to another, providing the next project with a
"head start" « (Doltsinis et al., 2020; Heraud et al., 2023; Scrimieri et al., 2015).

Organizational Forgetting: Personnel turnover or a lack of standardized procedures can lead to a
loss of experience, a phenomenon known as organizational forgetting (Scrimieri et al., 2015;
Christensen & Rymaszewska, 2016). This underscores the importance of capturing and
formalizing tacit knowledge into explicit documentation during the ramp-up process (Doltsinis
et al., 2020; Scrimieri et al., 2015).

2.4. Mixed-model assembly and production variety

Mixed-model assembly lines represent a sophisticated production strategy where multiple
product variants are processed sequentially in an intermixed sequence on a single line (Scrimieri
etal., 2015; Joshi, 2024). While this configuration provides the high degree of flexibility required
for mass customization and rapid response to fluctuating market demands, it introduces
significant operational complexity that is not present in single-model lines (Doltsinis et al., 2020;
Letmathe & RoBler, 2019; Village et al., 2017).

2.4.1 Drivers of Complexity: Diversity and Originality
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Complexity in these systems is driven by two primary dimensions: product diversity and product
originality (Schuh et al., 2015; Village et al., 2017).

o Product Diversity: Relates to the number of different variants, the technological variance
between them, and the sheer variety of parts involved (Schuh et al., 2015). As diversity
increases, the number of interdependent elements escalates, creating "organized chaos"
that challenges traditional hierarchical management (Pekarcikova et al., 2020).

e Product Originality: Concerns the novelty of materials, components, and product
structures (Schuh et al., 2015). High originality often leads to a "data gap" in greenfield
projects, where a lack of historical performance records results in striking discrepancies
between planned and actual ramp-up curves (Haller et al., 2025; Schuh et al., 2015).

2.4.2 The Balancing and Sequencing Challenge

A fundamental challenge in manual mixed-model lines is line balancing (Haller et al., 2025;
Jeong et al., 2023). Unlike automated systems, manual assembly is a socio-technical process
where human operators are the primary rate-limiting factor (Gauss et al., 2026; Noman et al.,
2025; Ansari & Freiberg, 2017). Variability in work content across different models makes it
difficult to distribute tasks equally, often resulting in idle time at some stations and overload at
others (Haller et al., 2025; Joshi, 2024).

The Role of Weighted Average Cycle Time (WACT) To manage this variability, practitioners
utilize the Weighted Average Cycle Time (WACT) as a critical planning parameter. WACT is
defined as the average time to complete an assembly process across all variants, weighted by
each variant's proportion in the total production mix (Ansari & Freiberg, 2017; Lidberg et al.,
2020).

Capacity Assessment: In a parameter-driven simulation, WACT provides the "steady-state"
baseline for capacity. For a line to remain stable, the WACT must be less than or equal to the
Takt Time; if the WACT exceeds the takt time, the system will inherently fail to meet customer
demand regardless of sequence optimization (Haller et al., 2025; Joshi, 2024; Schmid et al.,
2022).

Proactive Rebalancing: Because greenfield projects face a "data gap," initial WACT
calculations are derived from sister plant benchmarks (Boutros & Borjesson, 2022; Etxagibel
Larrafiaga & Loschkin, 2016). By using WACT as a dynamic input in FACTS Analyzer,
managers can perform "what-if" analysis: for example, if the production mix shifts toward a
high-work-content variant (e.g., a 20% increase in Station B), the WACT increases, allowing for
the proactive identification of new bottlenecks before physical production begins (Battaia &
Dolgui, 2022; Wochner et al., 2016).

2.4.3 Material Handling and Information Flow

High variety places immense pressure on internal logistics and material presentation (Haller et
al., 2025; Etxagibel Larranaga & Loschkin, 2016). Operators must be able to identify and select
the correct part for a specific model at each station from potentially vast "material fagades"
(Etxagibel Larrafiaga & Loschkin, 2016). This increases the risk of human errors, such as missing
components or incorrect installations, which compromise final product quality (Noman et al.,
2025; Village et al., 2017). To mitigate this, clear perceptual work instructions (e.g., 3D
animations or screen-based guides) are essential to reduce the cognitive load on operators and
maintain high error detection rates (Noman et al., 2025; Richardson et al., 2006).
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2.4.4 Managing Instability through Strategic Buffering

To manage the inherent instability of the mixed-model ramp-up, practitioners must utilize
strategic buffering (Gauss et al., 2026). Following the principles of the Theory of Constraints
(TOC) and the Drum-Buffer-Rope (DBR) approach, inventory, capacity, and time buffers should
be deployed to shield bottlenecks from the surges caused by product-mix variability (Gauss et
al., 2026; Telles et al., 2020).

o Inventory Buffers: Work-in-Process (WIP) products can even out the material flow rate
downstream when workstations have varying cycle times (From Integral to Modular,
2024; Hopp & Spearman, 2004).

o Capacity Buffers: Maintaining "protective capacity" through non-bottleneck resources
allows the system to absorb fluctuations without halting production (Gauss et al., 2026;
Gupta & Boyd, 2011).

Ultimately, managers must navigate a critical trade-off: frequent and costly rebalancing to
achieve optimal performance for a specific mix versus maintaining a robust, flexible
configuration capable of handling varied sequences without physical or organizational disruption
(Scrimieri et al., 2015; Wochner et al., 2016). Discrete Event Simulation (DES) serves as a vital
Decision Support System (DSS) in this context, allowing for the evaluation of these "what-if"
scenarios without financial risk (Banks et al., 2015; Doltsinis et al., 2020; Gauss et al., 2026).

2.5. Lean principles for early stability

In a greenfield ramp-up, lean manufacturing is redefined from a steady-state efficiency tool to a
fundamental strategy for achieving early stability. Stability in this context is the predictability of
production results output, quality, and time which is initially low due to the "data gap" and lack
of established routines (Doltsinis et al., 2020; Gauss et al., 2026). For this study, lean principles
serve as the logical constraints and target parameters within the FACTS Analyzer model,
allowing the simulation to function as a DSS that evaluates "how lean" a new system can be
before physical implementation (Gauss et al., 2026; Joshi, 2024).

2.5.1 Takt Time as the Operational Constraint

Takt time is the production rate required to meet customer demand, acting as the "pulse" that
synchronizes assembly activities (Adeodu et al., 2021; Joshi, 2024). Takt time is not just a target
but a critical simulation parameter. The decision support system (DSS) uses a calculated takt
time (derived from sister plant demand forecasts) to test the feasibility of the line layout. For
example, if the simulation shows that the high-work-content variant (Station B) consistently
exceeds the 9-minute takt time, the DSS identifies a failure in the ramp-up plan before the line is
built (Etxagibel Larrafiaga & Loschkin, 2016; Schmid et al., 2022).

2.5.2 Line Balancing and Weighted Average Cycle Time (WACT)

Line balancing is the strategic distribution of tasks to ensure workstations produce at the takt rate
without idle time or overload (Mortada & Soulhi, 2023). Because manual mixed-model lines
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involve significant socio-technical variability, this study utilizes the Weighted Average Cycle
Time (WACT) as a planning anchor.

e  WACT Integration: WACT accounts for the product mix by averaging variant times
weighted by their production volume (Ansari & Freiberg, 2017).

e Application in Aim: The DSS utilizes WACT to ensure the line remains balanced on
average, while individual variant cycle times (stochastic inputs) allow the simulation to
pinpoint sequence dependent bottlenecks that a static Yamazumi chart would miss
(Lidberg et al., 2020; Mortada & Soulhi, 2023).

2.5.3 Heijunka (Leveling) and Sequencing Logic

Heijunka focuses on leveling production batch sizes and variety to minimize disturbances
(Ansari & Freiberg, 2017). In this research, heijunka is operationalized through sequencing rules
within the DES model. The DSS evaluates "what-if" scenarios regarding product launch orders
such as the impact of preventing two high complexity variants from entering the line
consecutively. This allows managers to identify the optimal production rhythm required to
maintain stability during the immature ramp-up phase (Heraud et al., 2023; Jeong et al., 2023).

2.5.4 Work Standardization and Knowledge Capture

Work standardization formalizes the most effective execution method to prevent "organizational
forgetting" the loss of knowledge due to personnel turnover or lack of procedures (Christensen
& Rymaszewska, 2016; Scrimieri et al., 2015). In the simulation, standardized times are used to
define the base distributions for manual tasks. By adjusting these parameters (e.g., shifting the
mean of a triangular distribution), the DSS can model the learning curves of operators, providing
a realistic view of how throughput improves as the workforce gains experience (Doltsinis et al.,
2020; Schmid et al., 2022).

2.5.5 Strategic Buffering (Theory of Constraints Integration)

While traditional lean seeks to minimize Work-in-Process (WIP), recent research suggests that
in unstable greenfield environments, strategic buffering is required to shield the system from
variability (Gauss et al., 2026).

e Buffer Interchangeability: This study combines Lean principles with the Theory of
Constraints (TOC) to evaluate the trade-off between capacity buffers (more
operators/shifts) and inventory buffers (higher WIP) (Gauss et al., 2026; Hopp &
Spearman, 2004).

e DSS Role: The FACTS model identifies the minimum buffer size needed to protect the
bottleneck station, ensuring the ramp-up does not stall due to minor process "noise" or
human-related variability (Gauss et al., 2026; Telles et al., 2020

2.5.6 Waste Elimination (TIMWOODS)

Lean identifies eight types of waste (Transport, Inventory, Motion, Waiting, Overproduction,
Over-processing, Defects, and Skill underutilization) (Joshi, 2024; Mortada & Soulhi, 2023). In
your research, the DSS identifies Waiting and Inventory (Excess WIP) waste by analyzing station
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utilization and queue lengths in the simulation. This allows for layout and flow optimizations in
the "design-in-use" phase, ensuring that resources are utilized for value-adding activities from
day one of production (Adeodu et al., 2021; Gauss et al., 2026).

2.6. Parameter-Driven DES Framework for Manual Mixed Model Ramp-up

The proposed conceptual framework utilizes a parameter-driven DES model to support decision-
making in greenfield mixed-model assembly ramp-ups. Ramp-up is viewed as a high-complexity
parameter tuning process where human experts decide on actions to fine-tune the system
(Doltsinis et al., 2020). This framework emphasizes a prepare-and-adapt mechanism, which
focuses on responsive monitoring and timely adjustments rather than strict adherence to initial
plans (Gauss et al., 2025).

The framework logic involves:

1. Complexity Analysis: Identifying complexity drivers (product diversity, variety) and
complexity enablers (personnel skills, resources) to set a "migration basis" (Schuh et al.,
2015).

2. Dynamic Parameterization: Integrating lean KPIs (takt time, WIP) and human factors
(learning rates, ergonomic fatigue) as dynamic input parameters in the simulation
(Schmid et al., 2022) (Gauss et al., 2025).

3. Scenario Evaluation: Using the simulation to test different ramp-up profiles, such as
varying batch sizes, operator assignments, or sequencing strategies like "high margin
variant first" or "step-by-step" (Schmid et al., 2022).

4. Buffer Management: Strategically deploying inventory, capacity, and time buffers to
protect identified bottlenecks (Gauss et al., 2025).

5. Direct Migration: Gradually removing temporary ramp-up measures as system stability
increases until series production is reached (Schuh et al., 2015).

2.7. Research Gaps

Despite the breadth of existing literature, several research gaps remain:

1. Lack of Holistic Roadmaps: Most research addresses ramp-up performance facets (like
capacity planning or learning effects) separately, with no clear roadmap for managing the
entire project from start to finish (Heraud et al., 2023).

2. Insufficient Complexity Reflection: Only a few works exist that study more than four
ramp-up characteristics simultaneously, failing to reflect the full complexity of industrial
scenarios (Haller et al., 2025).

3. Knowledge Transfer Challenges: Experience gained in one ramp-up is often not
documented or shared, making it difficult to find generally applicable models for
recurring patterns across different production systems (Doltsinis et al., 2020).
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4. Standardization vs. Agility: There is a need for more research into the balance between
quality standardization and the agility required during the frequent changes of the ramp-
up phase (Heraud et al., 2023).

5. Greenfield Data Acquisition: Acquiring reliable input data for parameters like learning
rates and mean improvement rates remains a significant challenge for greenfield project
simulations (Schmid et al., 2022).
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3. RESEARCH METHODOLOGY

This chapter explains the research method, research design, data collection methods and
modelling procedure used in this study. The overall purpose of the research methodology is to
ensure that the results are reliable, traceable, and aligned with the aim of developing a
parameter-driven simulation model for evaluating ramp-up scenarios in a mixed-model manual
assembly system.

3.1. Research Method

This study follows a case-study method, where a real production system under development is
used as the foundation for building and evaluating a discrete event simulation model. The
selection of the case study method is motivated by its ability to answer “how” and “why”
questions regarding contemporary industrial events where the researcher has limited control
(Etxagibel Larrafiaga & Loschkin, 2016; Yin, 2009). Within the field of Operations
Management, case studies are vital for investigating complex functions of the value chain in their
natural setting (Adeodu et al., 2021; Yin, 2009). As argued by Karlsson (2009), the relevance of
research findings for practical industrial use is significantly strengthened when they stem from a
practical case, allowing the investigator to retain the holistic and meaningful characteristics of
real-life events such as human learning variability and mixed-model assembly sequences
(Heraud et al., 2023; Karlsson, 2009). Also, the case study method is suitable because ramp-up
systems are complex, highly variable, and difficult to study through controlled experiments
(Adeodu et al., 2021; Karlsson, 2009; Yin, 2009). By focusing on a real industrial context, the
study can follow and understand the system logic, variability, and operational challenges that
occur during early production. Discrete Event Simulation (DES) is used as the main analytical
method because it allows modelling of time-dependent behaviours such as queues, operator
interactions, learning effects, and mixed-model flows, which are essential to understanding
ramp-up behaviour (Banks et al., 2015; Robinson, 2004). Ramp-up is also characterized by high
uncertainty and constant changes, making DES a practical tool for exploring different “what-if”
scenarios before physical implementation (Doltsinis et al., 2020; Surbier et al., 2014). In this
thesis, the simulation model is developed as part of the methodological approach, serving as the
primary analytical tool for evaluating alternative ramp-up scenarios and system behaviour.

3.2. Research Design

The research design serves as the logical plan for getting from the initial set of research questions
to a set of corresponding conclusions (Yin, 2013). While Discrete Event Simulation (DES) is the
primary analytical tool, the design is framed as a collaborative case study within the field of
Operations Management, which is vital for investigating complex and critical functions of the
value chain in their natural setting (Karlsson, 2009; Yin, 2009). This approach facilitates the
intensive investigation of the transition of a production system from conceptual design to
operational reality, a phase often characterized as a "design-in-use" process where variability and
disturbances first become manifest (Christensen & Rymaszewska, 2016; Gauss et al., 2026).

By adopting a collaborative strategy, the research fosters a continuous dialogue between the
researcher and practitioners, ensuring that the resulting simulation model reflects both academic
theory and the practical constraints of the industrial environment (Ellstrom, 2008; Shani et al.,
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2007). Furthermore, because the study focuses on a greenfield ramp-up, the design is structured
to handle high levels of uncertainty by using DES to explore "what-if" scenarios without physical
risk (Banks et al., 2015; Shannon, 1998). To ensure the simulation model is both realistic and
trustworthy, the study adopts triangulation by cross-referencing information from multiple
sources (Boutros & Borjesson, 2022; Gauss et al., 2026). This involves combining technical
organizational records, such as historical cycle times and production logs, with qualitative
insights from semi-structured interviews and first-hand 'Gemba' observations, the direct study of
the actual production floor (Gauss et al., 2026; Haller et al., 2025). This approach builds a robust
chain of evidence, ensuring that the data used to evaluate alternative ramp-up and line-balancing
strategies is accurate and scientifically valid (Jeong et al., 2023; Schmid et al., 2022; Xu et al.,
2024).
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Figure 1 Overall Research Process Map. Source: Author’s own illustration.

3.2.1 Systematic Literature Review Process

To establish a robust scientific backbone, a systematic literature review was conducted in four
distinct phases (Ansari & Freiberg, 2017; Haller et al., 2025). The literature search initially
resulted in approximately 90 articles across all selected databases. After removing duplicates and
screening titles and abstracts for relevance, 52 articles remained for full-text review. Based on
the inclusion criteria, a final set of 35 articles was selected and used to support the theoretical
framework of this study.

1. Database Selection: Searches were performed primarily using the Scopus and Web of
Science databases, supplemented by Google Scholar, IEEE Xplore, and ScienceDirect.
These platforms were selected for their high coverage of peer-reviewed journals in
engineering and operations management (Haller et al., 2025).

2. Keyword Strategy and Boolean Logic: To ensure transparency and replicability of the
literature review process, the main search strings and Boolean logic used are summarized
in Table 1.
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Table 1: Overview of search strings used in the literature review.

Database Search String Notes

Scopus ("production ramp-up" OR Main search string used for
"manufacturing ramp-up") core literature
AND ("discrete event
simulation" OR "DES")
AND ("assembly system"
OR "manual assembly")

Scopus ("ramp-up strategy" OR Used to identify strategy-
"production ramp-up related studies
planning") AND
("simulation" OR
"modeling")

Web of Science ("production ramp-up") Focus on system behaviour
AND ("simulation") AND and variability
("variability" OR
"uncertainty")

Scopus ("assembly system") AND Used to capture human-
("human factors" OR related effects
"manual assembly
variability")

3. Inclusion and Exclusion Criteria: To maintain high research quality, the results were
filtered based on:

o Document Type: Limited to peer-reviewed journal articles, conference papers,
and academic books.

o Timeframe: Emphasis was placed on publications from 2000 to 2024 to capture
the most recent advancements in simulation and Industry 4.0.

o Language: Only articles published in English were included.

4. Selection and Snowballing: Sources were initially screened by title and abstract. If
deemed relevant to the research questions, (Ansari & Freiberg, 2017; Haller et al.,
2025). If deemed relevant, a full-text review was performed to confirm the suitability of
the material (Haller et al., 2025). Finally, snowball sampling (or snowballing) was
utilized to identify seminal works and "hidden" connections by reviewing the reference
lists of the most cited articles (Ansari & Freiberg, 2017; Haller et al., 2025).

3.2.2 Case Selection and Purposive Sampling

The case company and the specific assembly project were selected using a purposive sampling
strategy to ensure the study focuses on a highly relevant environment (Boutros & Borjesson,
2022; Gauss et al., 2026). This project involves a greenfield ramp-up, which serves as a
"critical test" for parameter-driven simulation models (Gauss et al., 2026; Schmid et al., 2022).
Because the factory is being built from scratch, there is no historical data available, making the
simulation essential for predicting how the system will behave (Haller et al., 2025; Schmid et
al., 2022). The case was specifically chosen because it contains type key types of complexity
that define modern manufacturing transitions: diversity, relations, and dynamics (Gauss et al.,
2026; Haller et al., 2025).
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Product and Process Diversity: The project uses a mixed-model manual assembly system
where multiple product versions are built on the same line (Doltsinis et al., 2020; Jeong et al.,
2023). This creates high complexity because the model must manage a large variety of
different parts and different assembly steps for each version (Haller et al., 2025; Jeong et al.,
2023).

Organizational and Process Relations: As a greenfield project, the system lacks established
routines or past records (Gauss et al., 2026; Heraud et al., 2023). This represents a high level of
process originality, where new equipment and the ways humans interact with machines must be
validated and tested for the very first time (Gauss et al., 2026; Hasanain, 2024).

3.2.3 Integrated Research Procedure

The thesis integrated research activities with established simulation methodologies (Gauss et al.,
2026; Haller et al., 2025; Schmid et al., 2022). To ensure the model is both realistic and
trustworthy, the study adopts triangulation by cross-referencing information from multiple
sources (Boutros & Borjesson, 2022; Gauss et al., 2026; Haller et al., 2025). This involves
combining technical organizational records, such as historical cycle times and production logs,
with qualitative insights from semi-structured interviews and first-hand "Gemba" observations,
the direct study of the actual production floor (Dulina et al., 2024; Gauss et al., 2026; Gebeyehu
et al., 2022; Joshi, 2024). By adopting this collaborative strategy, the research ensures that the
resulting DES model functions as a credible Decision Support System (DSS) capable of
evaluating "what-if" scenarios for complex product portfolios before physical assets are
committed (Doltsinis et al., 2020; Jeong et al., 2023; Lidberg et al., 2020; Schmid et al., 2022).

3.3. Data Collection

The data collection process was structured to ensure the simulation model reflects both the
physical constraints and the human variability of the greenfield project (Gauss et al., 2026;
Haller et al., 2025; Schmid et al., 2022). A combination of primary and secondary data was
utilized through a strategy of triangulation to build a robust chain of evidence (Boutros &
Borjesson, 2022; Gauss et al., 2026; Haller et al., 2025).

3.3.1 Primary Data Collection

Primary data was gathered through first-hand interaction with the production system and its
stakeholders to capture the "essence" of the manual assembly process (Boutros & Borjesson,
2022; Gauss et al., 2026; Noman et al., 2025).

e Semi-Structured Interviews were conducted with practitioners including production
managers, engineers, and planners. These sessions focused on identifying "hidden" logic,
such as priority rules and staffing requirements that were not yet documented in the
greenfield planning files.

¢ Gemba Observations: Several Gemba walks were conducted in an existing production
facility belonging to the same company but manufacturing a different product than the
greenfield case under study. This allowed us to observe real shop-floor operations in
practice, following the assembly flow of high-volume products step-by-step.

o Weekly Consensus Meetings: Continuous communication with a cross-functional team
served as a validation mechanism. These meetings allowed for the iterative refinement of
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the Conceptual Model (CM), ensuring that all assumptions were verified by domain
experts.

3.3.2 Secondary Data Collection

Secondary data provided the quantitative backbone for the simulation model and was derived from
internal organizational records and historical data from comparable “sister” plants within the same

company. Given the greenfield and fully manual nature of the studied production system, secondary data

was primarily used to define process structures, and production planning conditions.

Process and Product Structure Records: Process and product-related records were
collected from internal company documentation and planning systems. These records
included product model descriptions, process routings, station definitions, task
sequences, and standard work descriptions derived from existing production plants. This
information was used to define the logical structure of the production flow in the
simulation model, including task precedence, workstation responsibilities, and product-
specific routing variations.

Production Planning and Operational Parameters: Production planning data was
collected to parameterize the operational conditions of the simulation model. This
included information on expected demand levels, demand variation patterns, working
hours, shift structures, and planned production volumes obtained from project
documentation and planning references from sister plants.

Cycle Time Analysis: In the absence of historical cycle time data for the greenfield site,
cycle times were derived from standard time measurements, reference data from similar
manual production lines, and analysis of comparable manual assembly tasks performed
in existing plants. The collected information enabled the estimation of minimum, most
likely, and maximum task durations.

3.3.3 Summary of Data Requirements

The table below summarizes the specific data types required for the DES model as suggested by
the research procedure:

Table 2: Summary of Data Categor
Data Category Specific Data Points Source

System Logic Process flow, layout, priority Interviews /  Consensus
rules, shift patterns Meetings

Performance Takt times, cycle times, "Sister" Plant Data / Expert
historical throughput, Estimates / Meetings

production targets

Variability Product Mix complexity Expert Estimates / Meetings
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3.4. Development of the DES model

This section presents the modelling approach adopted in this study. It describes how the
production system is represented within the simulation environment and outlines the main
assumptions and parameters used. The subsections that follow provide a detailed breakdown of
the model structure and implementation.

3.4.1 Conceptual Model Development

The conceptual model serves as the blueprint for the simulation and describes how the production
system behaves before any modelling is done in the software. Since greenfield ramp-up planning
involves many unknowns and evolving design decisions, conceptual modelling plays a crucial
role in ensuring that the model structure remains transparent, logical, and aligned with actual
expectations of the future assembly line. In this thesis, the conceptual model outlines the system
boundaries, the flow of product variants, the function of each workstation, operator roles, buffer
logic, and the interactions between resources. It also defines how takt time, line balancing, and
learning effects influence the flow of units across the stations.

A key aspect of the conceptual model is the use of a parameter-driven structure, which allows
core inputs such as cycle times, staffing levels, product mix, and production volume to be updated
without changing the underlying logic of the model. This structure is particularly important in
early ramp-up phase because many inputs are uncertain and likely to change as the project
matures (Etxagibel Larrafiaga & Loschkin, 2016). The conceptual model also incorporates
assumptions related to human performance, routing, material availability, and layout. Since the
physical layout of the new facility is not yet finalized, the conceptual model focuses on the logic
of the assembly processes rather than exact limitations of the shop floor. Throughout
development, the conceptual model reviewed with engineers to ensure that the simulated
behaviour would remain relevant over time, even if design decisions shift.

3.4.2 Simulation Model Development

Once the conceptual model was fully defined, the simulation model was developed following
established practices in DES model-building (Banks et al., 2015). The model was implemented
using a step-by-step approach. The basic flow logic was built first and then extended to additional
details such as operator interactions, station timing, sequencing, and learning curves. Building
the model in this method made it easier to verify each logical component before moving to the
next stage.

The simulation model uses a parameter-driven architecture, meaning that most input data cycle
times, learning curves, staffing rules, product proportions, takt targets, and routing logic is stored
in external tables. This design improves flexibility and allows the model to be reused or modified
by the line organization after the thesis project ends. The model includes all relevant system
behaviours identified during conceptual modelling, such as queues forming upstream of
bottlenecks, operators attaching to units at stations, and learning-related improvements in manual
cycle times.

Because this is a greenfield project, special attention was given to generalizing the model
structure, so it remains valid even if layout details change later. Logical verification was
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performed throughout the development process using test runs, extreme scenarios, and
consistency checks to ensure correct behaviour. This step helps avoid structural errors that could
influence the final results or misrepresent ramp-up dynamics.

3.4.3 Verification and Validation

Verification and validation were essential to ensure that the simulation model is both technically
correct and credible for decision-making. Verification was conducted throughout the
development process and focused on confirming that the model work according to the conceptual
design. This included checking that entities follow the intended routing, that workstation logic
executes correctly, and that the flow of units and operators occurs without deadlocks, loops, or
unrealistic behaviour. Consistency checks were also performed to ensure that queue lengths,
process times, and operator utilization patterns match expectations based on the programmed
logic.

Validation aims to ensure that the model accurately represents real-world conditions and behaves
in a way that domain experts consider considerable. Since this project involves a greenfield
facility, traditional validation through historical data comparison is not possible. Instead,
validation relied on expert judgement, comparisons with performance patterns from reference
plants, and alignment with theoretical behaviour described in literature on ramp-up and manual
assembly (Sargent, 2010; Doltsinis et al., 2020). During validation sessions, engineers reviewed
simulation outputs such as bottleneck locations, WIP patterns, utilization levels, and throughput
trends. Their feedback was used to adjust assumptions and confirm that the model reflects the
intended system behaviour. This approach is consistent with established DES validation
techniques for early-stage factory planning.

3.5. Scenario Design and Data Analysis

This section describes how the simulation experiments were designed and how the resulting
output data was analysed to answer the research questions of the thesis. Discrete-event
simulation enables the evaluation of alternative system configurations under controlled
conditions and is widely used as a decision-support tool in early-stage factory planning and
production ramp-up analysis (Banks et al., 2015; Glock & Grosse, 2015).

3.5.1 Scenario Definition

Based on the research questions and the objectives of the study, a set of experiment scenarios
was defined to represent alternative ramp-up and production planning strategies.
Scenario-based experimentation is a central strength of DES, as it allows planners to explore
the consequences of different design and planning decisions without physical implementation
(Banks et al., 2015).

The scenarios focused on variations in ramp-up profiles, line-balancing approaches, staffing
levels, product mix, and takt time alignment. Each scenario represents a plausible configuration
that decision-makers may consider during the early planning stages of the assembly line,
reflecting the uncertainty and flexibility inherent in greenfield projects (Doltsinis et al., 2020).
By systematically varying one or more parameters while keeping the underlying model
structure constant, the scenarios enable controlled comparison of how different choices
influence system behaviour and performance (Sargent, 2010).
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3.5.2 Performance Measures

For each scenario, a consistent set of key performance indicators (KPIs) was collected from the
simulation model. These included throughput, work-in-process (WIP), operator utilization,
bottleneck locations, and time required to reach target production levels. Such performance
measures are commonly used in simulation studies of assembly systems and ramp-up
processes, as they capture both output performance and internal system dynamics (Glock &
Grosse, 2015; Schmid et al., 2022).

The selected KPIs were intended to reflect not only efficiency but also system stability during

ramp-up, including congestion effects, imbalance between stations, and sensitivity to demand
and staffing variations. This aligns with recommendations in the literature to evaluate ramp-up
performance beyond steady-state throughput alone (Doltsinis et al., 2020).

3.5.3 Analysis Approach and Link to Research Questions

The analysis focused on comparative evaluation across scenarios rather than absolute
performance values. This relative comparison approach is appropriate in greenfield simulation
studies, where exact prediction accuracy is less critical than understanding directional effects and
trade-offs between alternative configurations (Banks et al., 2015).

Simulation outputs were analysed by examining trends, differences, and stability patterns across
scenarios, with particular attention paid to the emergence of bottlenecks, changes in utilization
levels, and the time required to achieve stable production flow. Results from each scenario were
explicitly mapped to the research questions to assess how different ramp-up strategies and
planning decisions influence system performance.

By structuring the analysis around research questions rather than individual model outputs, the
simulation model functions as an analytical and decision-support tool, supporting systematic
evaluation of early-phase production planning choices (Sargent, 2010; Glock & Grosse, 2015).

3.6. Research Quality

The two primary parameters used to evaluate the quality of this research are reliability and
validity, which are essential for maintaining scientific rigour in quantitative and case study
research (Bryman & Bell, 2017; Karlsson, 2009; Yin, 2009). Since the development of the
FACTS Analyzer model required a credible foundation, the study focused on securing these
parameters through a combination of triangulation and continuous stakeholder engagement
(Gauss et al., 2025; Law, 2009; Yin, 2009).

3.6.1 Reliability

Reliability refers to the accuracy and consistency of the measurements and the extent to which
the study can be replicated (Karlsson, 2010; Yin, 2009). To ensure high reliability, the study
utilized triangulation by gathering data from three distinct primary sources: first-hand Gemba
observations, semi-structured interviews with company practitioners, and weekly consensus
meetings (Gauss et al., 2025; Karlsson, 2010; Yin, 2009).

The reliability of the simulation was further strengthened by having the model mimic the physical
logic and flow constraints documented during onsite visits (Banks et al., 2015; Gauss et al., 2025;
Schmid et al., 2022). Additionally, the study's reliability was enhanced through a transparent
documentation process, where every model block in FACTS, input distribution (such as
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triangular cycle times), and assumption was recorded to allow other researchers to follow the
same path (Banks et al., 2015; Gauss et al., 2025; Musselman, 1994). While the free nature of
process simulation means different researchers might make slightly different logical choices, the
outcome should remain consistent if the core assumptions are maintained (Law, 2009;
Musselman, 1994).

3.6.1 Validity

The validity of the study concerning whether the research measures what it intended to measure
was addressed through several scientific tests (Bryman & Bell, 2017; Yin, 2013):

Construct Validity: This was established by using multiple sources of evidence to build a robust
chain of evidence (Gauss et al., 2026; Yin, 2013). By cross-referencing technical records from
sister plants with qualitative insights from local engineers, the researchers ensured that the unit
of analysis was grounded in reality despite the lack of on-site historical data (Gauss et al., 2026;
Haller et al., 2025; Schmid et al., 2022).

Internal Validity: During the analysis phase, internal validity was secured through pattern
matching (Gauss et al., 2026; Yin, 2013). The empirical results and dynamic behaviours observed
in the FACTS Analyzer model were compared against established ramp-up theories and literature
on mixed-model complexity to ensure the findings were theoretically sound (Gauss et al., 2026;
Haller et al., 2025; Jeong et al., 2023).

Face Validity: To ensure the model was "reasonable," it underwent continuous evaluation by
domain experts at Volvo CE (Gauss et al., 2026; Law, 2009). These practitioners reviewed
simulation outputs, such as bottleneck locations and utilization patterns, to confirm they aligned
with their professional expectations for the greenfield site.

External Validity: While the study is based on a single case at Volvo CE, analytical
generalization is pursued by focusing on universal dimensions of complexity, diversity, relations,
and dynamics (Gauss et al., 2026; Schuh et al., 2015). This ensures the findings regarding
greenfield ramp-up strategies are applicable to other manufacturing environments facing similar
transitions (Gauss et al., 2026; Haller et al., 2025; Yin, 2013).

Predictive Validity: Since all production data was based on sister plant benchmarks and
validated estimates, testing these against future production scenarios in the simulation
strengthened the predictive validity of the results (Banks et al., 2015; Gauss et al., 2026; Schmid
etal., 2022).

Finally, the theoretical framework was built predominantly on peer-reviewed scientific
publications, which provides a high degree of credibility and ensures that the conclusions are
supported by customary theory (Bryman & Bell, 2017; Gauss et al., 2026).
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4. Empirical Findings

This chapter presents the empirical findings obtained from the developed parameter-driven
discrete-event simulation model of the mixed-model manual assembly system. It describes the
observed system behavior under different ramp-up scenarios in terms of throughput,
work-in-process, operator utilization, and bottleneck formation. The purpose of presenting these
results is to provide an objective and structured empirical basis that reflects how the model
responds to variations in product mix, staffing levels, and ramp-up volumes.

4.1. Overview of the Simulation Study

The purpose of this simulation study is to develop a parameter-driven DES model representing
a mixed-model manual assembly system during production ramp-up. The empirical data
presented in this chapter defines the system structure, operating logic, and boundary conditions
of the model.

The simulation model represents the primary assembly flow of a heavy-equipment
manufacturing facility. The empirical inputs include system layout data, station-level cycle
times, labor capacity data, production schedules, and ramp-up profiles. These inputs are used to
configure a virtual representation of the factory floor during early production.

The collected data correspond to multiple planning years and are structured to support
scenario-based simulation studies focusing on production ramp-up behaviour.

4.2. Parameters of the Modelled System

The DES model is parameter-driven, meaning that system behaviour is defined through
empirical input parameters rather than fixed assumptions. The parameters include system
layout characteristics, number of stations, production demand, operator capacity, and temporal
production constraints.

All parameters are derived from factory floor data collected specifically for the development of
the simulation model.

4.2.1 System Layout and Flow

The modelled production system is a mixed-model manual assembly line producing thirteen
different types of heavy machinery. The physical layout follows a fishbone structure, where
multiple sub-assembly sections feed into a central main assembly line.
The system consists of 34 stations, organized into five main sections:

e Upper frame sub-assembly

o Lower frame sub-assembly

e Attachment sub-assembly

e Upper frame main assembly

e Main line assembly
The upper frame, lower frame, and attachment sections operate as sub-assembly lines that
prepare major components of the machine. final product in the main assembly sections, where
they are integrated into the final product.

All these components are subsequently transported to the main line, which acts as the spine of
the fishbone where the upper and lower frames are attached to each other and the machine is
assembled as final product. Finishing and testing stations are excluded from the model and are
not represented in the simulation.
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Figure 2: Production Flow

The production process begins when input materials are delivered to the Upper frame sub-
assembly line, the Lower frame line, and the Attachment lines. These materials are received as
kitting parts, which means they are organized into pre-picked sets to ensure each station has
exactly what it needs for the machine model being built. The Upper frame will be entered to the
upper frame main assembly line, and sub assembly components will be attached.

Material movement between sections is handled using internal logistics equipment such as cranes
and tugger trains. The final assembly process is completed at station M6, which represents the
last station included in the simulation scope.

4.2.2 Input Parameters

The production system manufactures thirteen machine variants, referred to as Models A through
N, on the same assembly line. The models differ in size, technical complexity, and assembly
requirements.

Models A—E: Small machines

Models F-H: Medium-sized machines

Models I-M: Large machines

Model N: Electrified machine variant

Station-level cycle time data were collected separately for each model across all 34 stations. For
every station, minimum, average, and maximum cycle times were recorded. All cycle times are
expressed in minutes.

These cycle times serve as the primary input parameters for modelling processing time variability
in the DES model.
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Changeover times between machine models are negligible and therefore excluded from the
model, as operators perform task adjustments manually without mechanical changeover
requirements.

Labor requirements are determined based on station work content and the specified Takt time for
each planning period.
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Figure 3: Total Cycle time

4.2.3 Modelling of Variability

The simulation model incorporates several sources of variability to reflect manual assembly
operations. The following variability parameters are defined in the model framework:
o Station processing time variability based on minimum, average, and maximum cycle
times
e Operator performance differences through efficiency parameters

4.2.4 Ramp-up Profiles Implemented

The production system follows a hybrid ramp-up strategy for introducing machine models into
the assembly line. The ramp-up profile combines sequential and parallel introduction principles.
During the initial ramp-up phase, selected small and medium-sized machine models are
introduced first. Additional models are introduced in later phases according to a predefined
schedule.

Table 3. presents the planned model introduction sequence across three planned years and
quarterly intervals.
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Table 3: Model Introduction for Ramp Up

1st Year 2nd Year 3rd Year
Model
Q1 Q2 Q3 Ql Q2 Q3 Ql Q2 Q3
Model A .
Model B
Model C
Model D —.

Model E
Model F

Model G

Model H

Model |

Model J

Model K

Model L

Model M

Model N

4.2.5 Ramp-up Profiles Implemented

The factory operates on a single daily shift. Production days vary throughout the year due to

seasonal shutdowns and holiday periods.

In particular:
July corresponds to a summer vacation period with reduced production days

December corresponds to a winter holiday period with reduced or halted production

Monthly production targets are adjusted based on the number of available production days per
month. The ramp-up profile reflects these calendar-based constraints.
The simulation model represents monthly production volumes as functions of available workdays
rather than assuming uniform production across the year.
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4.3. Conceptual Model of the Mixed-Model Ramp-Up System

The conceptual model defines the logical structure and operational behaviour of the greenfield
mixed-model manual assembly system during production ramp-up. It represents the system at
an abstract level and serves as the foundation for the development of the discrete-event
simulation model.
The system boundary is limited to the sub-assembly and final assembly areas, excluding
upstream fabrication such as kitting areas and downstream finishing and testing operations.
Within these boundaries, the conceptual model captures the flow of multiple product variants
through a sequence of manual workstations operating under ramp-up conditions.
The conceptual model describes:

o The flow of product variants through sub-assembly and main assembly sections

e The interaction between stations, buffers, and material flow

o The influence of takt time, line balancing, and product mix on system behaviour
The assembly system is modelled as a mixed-model flow line, where different machine variants
follow a common routing but require variant-specific work content at each station. Each
workstation performs a defined set of manual tasks, and processing times vary across product
models.
Key assumptions embedded in the conceptual model include:

e One product unit is processed at a station at a time

e Changeover times between models are negligible

e Equipment availability, MTTR, and MTBF are not explicitly modelled, as the studied

system is a fully manual assembly line

Because the factory layout is not finalized, the conceptual model prioritizes process logic over
spatial accuracy, ensuring that the model remains valid despite potential layout changes. This
abstraction allows the conceptual model to focus on ramp-up dynamics rather than detailed
physical constraints.

4.4. Simulation Model Implementation

Based on the conceptual model, a discrete-event simulation (DES) model was developed to
represent the behaviour of the mixed-model manual assembly system during production
ramp-up. The simulation model provides a virtual representation of the system, enabling
controlled experimentation under different planning scenarios.
The simulation model is parameter-driven, meaning that system behaviour is determined by
external input parameters rather than hard-coded logic. Key parameters include:

o Station-level cycle times

e Product mix proportions

o Takt time targets

e Ramp-up profiles
Each workstation is modelled as a discrete process block with stochastic processing times
derived from minimum, average, and maximum cycle time estimates. Product variants are
modelled as distinct entities that share the same routing logic but differ in processing times and
work content.
Learning effects are incorporated by adjusting processing time distributions over time,
reflecting improvements in operator performance and process stabilization during ramp-up.
This allows the model to represent the non-stationary nature of early production.
The model supports scenario-based experimentation by allowing planners to modify ramp-up
strategies, model introduction sequences, and production targets without altering the underlying
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structure. This flexibility ensures that the simulation model can be reused as more information
becomes available during the project.
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4.5. Summary of Empirical Data

The collected empirical data define a mixed-model manual assembly system consisting of 34
stations and thirteen machine variants. The data include station-level cycle times, production
schedules, operator capacity, and ramp-up profiles across multiple planning years.

These empirical inputs form the basis for constructing a parameter-driven discrete-event
simulation model. The model scope focuses on early-stage production behavior under ramp-up
conditions and excludes downstream finishing and testing operations.

The empirical foundation presented in this chapter is used in subsequent chapters to analyze
system behaviors, identify bottlenecks, and evaluate robustness during production ramp-up.
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5. ANALYSIS

This chapter analyses the empirical results presented in the Chapter 4 by interpreting system
behavior, performance trends, and interdependencies revealed by the simulation experiments.
Rather than reporting raw output values, the analysis focuses on explaining why certain
behaviors emerge during ramp-up and how different parameters influence system stability and
capacity utilization. This analytical perspective is critical for transforming simulation results into
meaningful insights that directly support the research aim of understanding and evaluating
ramp-up strategies in mixed-model manual assembly systems.

5.1. Analysis of System Characteristics and Capacity Dimensions Required for a
Parameter Driven DES Model (RQ1)

This calculation specifically addresses Research Question 1 by analyzing which system
characteristics and capacity dimensions must be represented in a parameter-driven discrete-event
simulation model to adequately capture ramp-up behavior. The analysis concentrates on key
aspects such as labor capacity, task variability, product mix complexity, and learning effects, and
examines how these dimensions influence overall system performance.

5.1.1 Purpose and Analytical Perspective

This section addresses Research Question 1 by integrating the empirical data presented in
Chapter 4 with a structured capacity and labor analysis of the assembly system studied. The
analysis focuses on identifying which system characteristics and parameters are essential for
representing production ramp-up behavior in a parameter-driven discrete-event simulation
model.

The performed analysis does not rely on simulation outputs. Instead, analytical capacity
relationships, based on Takt Time, Work Actual Cycle Time (WACT), efficiency, and operator
requirements, are used to evaluate how ramp-up behavior emerges from the interaction between
time, labor, and work content in a mixed-model manual assembly environment.

To identify bottlenecks and robustness risks during the ramp-up phase, a structured
input-building and simulation approach was applied using demand data, work content
calculations, and operator allocation logic.

The analysis started with the annual demand for the third year, which was converted into the
available production days. Based on this, the takt time was calculated to represent the required
production pace needed to meet demand.

Next, the cycle time of each machine at each station was collected from process time tables.
These machine-level cycle times were aggregated to calculate the Work Content (WACT) for
every station. The overall WACT for the third year was then used to reflect the total manual work
required across the production system.

To determine workforce requirements, the WACT of each station was divided by the takt time,
resulting in the average number of operators required per station. This step ensured that operator
allocation was directly linked to demand and work content rather than fixed assumptions.

After defining the number of operators per station, the station cycle times were divided by the
allocated operators, generating adjusted process times. These values were then used as input data
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for the production floor simulation, allowing each station to process different machine variants
under realistic workload and staffing conditions.

Through the simulation, it was possible to observe how long each station takes to complete its
tasks, how work accumulates, and how stations interact under mixed-model production.

5.1.2 Demand Driven Takt Time as a Global Control Mechanism

The analytical determination of Takt Time across the planning horizon shows a systematic
reduction driven by increasing production demand rather than changes in available working
time. Net available time remains largely constant after accounting for breaks and planned
losses, while required output increases annually.

Net Available Time Determination

Net available time is calculated as:
Tavail = Tshift - Tbreaks - Tlosses

Where:
o Tsnife: Nominal shift duration
o Tyreaks: Lunch, fika, meetings
o Tipsses: Training, absenteeism, learning losses

Tavaii = 486 min — (42min + 30min + 10min)
The net available time for one day is 446mins. (Efficiency losses will be calculated at the last
steps of the calculations)
This approach is consistently applied across all three planned years.

Takt Time

Takt time validation was performed using the effective working time calculation derived from
actual shift conditions. After deducting planned and unplanned losses—such as breaks, meetings,
training, competence losses, end-of-shift activities, and absenteeism—the effective available
working time amounts to minutes per day, corresponding to 7.43 effective working hours and a
productivity factor of 87%.

Takt Time defines the maximum allowable time between two completed units in order to satisfy
customer demand within the available production time. It represents the tempo at which the
production system must operate.

Let:
o Tawaii= Net available production time per day [min/day]
o Quay= Required daily production volume [units/day]|
The Takt Time is defined as:
Tavair
Takt = 5::;

Year | Average Net Takt Time
Year 1 | = 369 min / unit
Year2 | =65 min / unit

Year 3 | =39 min / unit

40



Analytical result:

Average Takt Time decreased from approximately 369 minutes/unit in Year 1 to approximately
39 minutes/unit in Year 3.

This result confirms that ramp-up behavior is governed by external demand pressure, which
directly constrains allowable processing and resource utilization.

Implication for RQ1:

Takt Time must be explicitly represented in the DES model as a global, time-dependent control
parameter, rather than as a derived output. The model must allow Takt Time to change between
scenarios to realistically evaluate ramp-up strategies.

5.1.3 Station-Level Work Content

The demand calculation for the Ramp Up period, presented in Figure Y for year 3. The results
indicate a gradual increase in monthly production volume, stabilizing at around 244 units per
month toward the end of the period.

In addition, the product mix analysis reveals that demand is concentrated in a limited number of
product variants. High-volume products such as model E, model L, model F, and model G
together account for a substantial share of the total annual volume. This concentration reinforces
the relevance of focusing analysis and improvement efforts on these variants, as they have a
disproportionate impact on workload distribution and system capacity. Lower-volume variants,
while individually less significant, increase operational complexity and contribute to variability
already highlighted in the existing analysis.

5.1.4 Station-Level Work Content

The station-level cycle time data collected across 34 stations demonstrate that overall system
behavior during ramp-up cannot be represented using aggregated or average line metrics alone.
The calculated WACT, defined as the sum of all individual station cycle times, increases across
the three planning years as process definitions mature.

This result shows that production ramp-up is strongly influenced by how work content is
distributed across stations, rather than solely by total throughput targets. Local increases in
station cycle time directly affect congestion, blocking, and starvation risks under ramp-up
conditions.

WACT (Work Actual Cycle Time) Calculation

WACT represents the total direct labor time required to assemble one unit, aggregated across all
stations on the line.

Let:
e n= Number of stations
o = Average cycle time of station i
Then total WACT is defined as:
n
WACT = z t;
i=1

Station cycle times are taken from the average (AVE) values to represent nominal operating
conditions.
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Year | Total WACT (min/unit)
Year 1 | =2345
Year?2 | =2544
Year3 | =2598

Analytical result:
WACT increased from approximately 2345 minutes in Year 1 to approximately 2598 minutes
in Year 3, despite a stable line structure.

Implication for RQ1:

A parameter-driven DES model must explicitly represent:
e Individual stations as discrete objects
o Station-specific processing times

Without this level of resolution, ramp-up-induced instability cannot be realistically captured.

To substantiate the station-level observations discussed earlier, a detailed station cycle time and
workload (WACT) analysis was conducted. The results, illustrated in Figure 6.2 and Figure 6.3,
show clear differences in cycle times across stations and product variants.

Several stations exhibit cycle times that exceed the calculated takt time, particularly for
high-volume products. These findings are consistent with the system imbalances described
previously and provide quantitative evidence that certain stations operate close to or above their
capacity limits. The WACT analysis further demonstrates that these stations require a higher
operator load compared to the system average, confirming their role as capacity-constraining
elements within the line.

At the same time, other stations operate below takt, indicating the presence of unused capacity.
This uneven distribution supports the conclusions already drawn regarding line imbalance and
highlights that overall performance is dictated by a small number of critical stations rather than
by total available working time

5.1.5 Time-Dependent Efficiency and Learning Effects

The observed efficiency factors increase systematically across the planning horizon, reflecting
workforce learning, process stabilization, and reduced competence-related losses. This confirms
that production ramp-up is inherently non-stationary and evolves over time.

Where:
o 1= Labor efficiency factor
o Tefrective= Net productive time
*  Tpiannea= Nominal labor available time

_ Teffective

Tplanned
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Year | Efficiency

Yearl | = 0.80 - 0.81
Year2 | = 0.81 -0.85
Year3 | = 0.85-0.87

Analytical result:

Efficiency increased from approximately 80-81 % in Year 1 to approximately 87 % in Year 3.
This improvement plays a decisive role in maintaining a stable operator requirement under
increasing production pressure.

Progressive efficiency improvement indicates workforce learning, process stabilization, and
reduced competence losses.

Implication for RQ1:

A parameter-driven DES model must include efficiency as a time-dependent or
scenario-dependent parameter. Representing efficiency as a constant value would distort labor
requirements and ramp-up performance.

5.1.4 Labor Capacity and Operator Constraints

The comparison of WACT and Takt Time reveals that labor capacity, rather than equipment
availability, is the dominant constraint in the studied manual assembly system. Despite
increasing work content and tightening Takt requirements, the calculated number of operators
remains constant over each three years.

This value is calculated:
o Per station
o Aggregated to line level
e Rounded up to maintain flow stability

Operator Equation:

WACT

Noperators = T
takt

This value is calculated:
e Per station
o Aggregated to line level
¢ Rounded up to maintain flow stability

Year | Operators Required
Year1 | =08
Year2 | =50
Year3 | =83
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Analytical result:
The required number of operators is increased by approximately 8 to 83 operators for all three
planning years.
These results confirm that operator availability must be represented as a constrained and
scalable resource in a parameter-driven DES model, as labor requirements vary significantly
across ramp-up phases.
Implication for RQ1:
The DES model must:

o Represent operators as variable resources

e Capture operator utilization relative to Takt Time

e Model operator-to-station assignments
Treating labor as unlimited or implicit capacity would significantly underestimate bottleneck
formation and ramp-up risk.

5.2 Identify bottlenecks and robustness risks emerge in the mixed-model manual
assembly system during the ramp-up phase (RQ2)

The analysis demonstrates that bottlenecks emerging during the ramp-up phase of the
mixed-model manual assembly system are primarily located at the station and labor levels, rather
than at the level of total system capacity. While the calculated effective working time indicates
that the system is, in principle, capable of meeting the forecasted demand, its robustness during
ramp-up is limited by uneven workload distribution, labor-intensive operations, and sensitivity
to product mix variation.

Results from the station cycle time and Workload Allocation and Cycle Time (WACT) analyses
show that bottlenecks are not evenly distributed across the line. Stations associated with high
work content and larger machine variants consistently exhibit cycle times exceeding the
calculated takt and the highest WACT values. In particular, stations processing model K, model
j, model H, model G, model F, and model E emerge as structural bottlenecks, requiring multiple
operator equivalents to achieve takt compliance. At these stations, throughput is directly
dependent on operator availability, constraining production performance beyond nominal
process capability.

The bottleneck location is not static but varies with changes in product mix, machine size, and
option combinations. This results in shifting bottlenecks across stations, indicating limited
robustness of the system during ramp-up conditions. By contrast, stations associated with smaller
machine variants, such as Model A, Model B/C, and model D, display lower utilization and
shorter cycle times, revealing unused capacity and reinforcing the presence of systemic
imbalance rather than uniform overload.

Labor constraints further intensify these bottlenecks. The effective working time calculation
incorporates productivity losses related to training, competence development, absenteeism, and
non-productive activities, which reduce the practical availability of labor. These losses
disproportionately affect stations with high manual content and limited automation, where
capacity is strongly coupled to operator presence and skill level. Consequently, even minor
short-term disruptions in staffing or competence distribution can prevent the system from
achieving the calculated takt, despite sufficient aggregate capacity elsewhere in the line.
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Utilization analysis supports these findings by highlighting a clear contrast between stations
operating close to capacity and those experiencing waiting or blocked time due to downstream
constraints. In addition, the mixed-model production environment introduces robustness risks
linked to product mix variability, as option-heavy configurations significantly increase station
cycle times and operator workload. During ramp-up, learning effects and incomplete skill
coverage further reduce the system’s ability to absorb these variations.

In summary, the bottlenecks identified during the ramp-up phase are concentrated at
labor-intensive stations with high WACT values and limited operator flexibility. The primary
robustness risks arise from the strong interdependence between operator availability, workload
distribution, and takt compliance in a mixed-model context. Consistent with the findings of RQ1
and RQ3, this analysis shows that system performance during ramp-up is constrained less by
total capacity and more by localized station-level and labor-related bottlenecks, rendering the
system highly sensitive to staffing disruptions, skill imbalances, and product mix variability.
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The supplementary takt time, demand mix, and station cycle time analyses provide additional
validation of the findings presented in this chapter. While the system has sufficient aggregate
capacity to meet future demand, performance is constrained by localized bottlenecks and
workload imbalances. These results strengthen the analytical basis for the conclusions drawn and
support the need for targeted improvements at critical stations rather than system-wide capacity
expansion.
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6. CONCLUSIONS

This chapter concludes the thesis by synthesizing the main findings derived from the empirical
results and subsequent analysis. It reflects on how the research aim has been achieved and how
the research questions have been addressed through the development and application of the
parameter-driven simulation model. In addition to summarizing theoretical contributions, the
chapter provides practical recommendations for industrial practitioners involved in ramp-up
planning and outlines limitations and opportunities for future research. This final chapter ensures
that the study’s outcomes are clearly positioned within both academic and industrial contexts.

RQL1:

To realistically capture and evaluate production ramp-up strategies in a mixed-model manual
assembly system, a parameter-driven discrete-event simulation model must explicitly represent
station-level cycle times, demand-driven Takt Time, constrained operator availability,
time-dependent efficiency, and variability of manual operations. Analytical capacity results show
that these parameters jointly define ramp-up performance, enabling increased demand. Models
relying on aggregated, static, or deterministic representations are insufficient to capture ramp-up
dynamics in manual assembly systems.

RQ2:

The station cycle time and WACT analysis identifies several stations as bottlenecks due to cycle
times exceeding takt and high operator requirements. These stations constrain overall throughput
regardless of unused capacity elsewhere in the system. Consequently, RQ3 is answered by
demonstrating that system performance is primarily limited by localized bottlenecks rather than
total capacity availability.

In conclusion, this study demonstrates that while the production system has sufficient aggregate
capacity to meet future demand, its performance is constrained by workload imbalances and
station-level bottlenecks. The results highlight that increasing total available working time alone
will not yield substantial performance improvements. Instead, targeted actions such as workload
balancing, process improvements at bottleneck stations, and improved handling of product mix
variability are required.

The findings provide a quantitative basis for capacity planning and support decision-making
related to line balancing, staffing strategies, and future system development.
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APPENDICES

Estimated demand Distribution over the year.
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Available time and takt time calculation.

year

Target 'Working time minutes Takt Time Productivy
/day factor

2771 7.43 36.2 87%

mach/day 12.3 36.5
MON-THUR FRI

Begining 6:54 6:54

End 15:42 14:48

Shift time (h) 8:48 7:54

Shift time (min) 528 474

Lunch (min) 42 42

Working minutes 486 432 459

Daily shift 486

Morning meeting 10

Fika morning 15

Fika afternoon 15

Workmg time 446

minutes /day

Working time hours 743

/day

Competence losses  (17.84 3

End of shift 5S 5

Trainings (0.5 day/ 12.15

month)

Absenteism (5%) 24.3

Effectlve time 187

minutes /day

Effective time hours 6.45

/day

Productivy factor  87%

'Working days per
20

month

'Working minutes per 7734.9

month

'Working minutes per 27010
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The table below represent the sstation cycle times and WACT calculation
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