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[bookmark: _Toc1380394032]Abstract
This report presents a comprehensive analysis of an assembly line using Discrete Event Simulation (DES) in Arena software. The aim is to assess current system performance, identify inefficiencies, and develop a future state model to enhance productivity. A thorough literature review establishes the theoretical foundation of DES and its application in manufacturing systems. The simulation captures real-world dynamics of key processing stations including Press, Drill, Label, Cap, Camera, and Output handling, along with human-operated tasks. “Findings” highlights any significant idle times and underutilisation of several resources, alongside bottlenecks—particularly at the output stage. Based on simulation results and data validation, strategic improvements such as buffer adjustments, task redistribution, and potential automation are proposed. The study demonstrates the value of DES in diagnosing production constraints and guiding data-driven process optimisation in manufacturing environments.
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[bookmark: _Toc1957931598]Introduction
Discrete Event Simulation (DES) is a powerful method used to model and analyse complex systems where the state changes at discrete points in time. This report documents the simulation of an assembly line system using Arena software, aiming to understand system performance, identify bottlenecks, and propose enhancements for improved throughput and efficiency.
The assembly line under analysis includes several processing stations: Press, Drill, Label, Cap, Camera, Output Robot, and various hold and queue points. A human operator (Refill Person) is also integrated into specific manual operations. The study follows a standard simulation methodology: problem formulation, data collection, model development, validation, experimentation, and analysis.
[bookmark: _Toc1488193733]Literature Review
Discrete Event Simulation (DES) has been widely applied across manufacturing, healthcare, logistics, and service industries to assess and enhance operational performance. At its core, DES focuses on modelling systems as a series of events that occur at distinct points in time, making it ideal for environments characterised by variability and resource constraints.
Banks et al. (2010) describe DES as a process-centric approach that models complex systems through discrete changes triggered by events. This methodology allows analysts to track entities, queues, and resource usage dynamically, providing insights into both bottlenecks and underutilised capacities. Pegden (2017) emphasises DES's strength in capturing stochastic and temporal behaviours, which are essential for accurate system representation.
Law and Kelton (2007) highlight the significance of verification and validation in simulation. While a model may appear logically consistent, its outputs can be misleading if the underlying assumptions or input data are flawed. This underscores the importance of aligning simulation parameters with real-world observations.
In manufacturing, DES serves as a critical tool for system optimisation. Baines et al. (2004) demonstrated its application in the automotive industry, where simulation identified inefficiencies in workflow layout and helped streamline material handling. Similarly, Greasley (2005) applied DES within a business process re-engineering context, achieving a 40% reduction in idle time through refined scheduling.
Additional research by Jahangirian et al. (2010) provides a comprehensive review of simulation use in healthcare, logistics, and production, confirming the widespread relevance of DES beyond traditional manufacturing. Their study advocates for more integrated simulation approaches, where DES is combined with lean principles or Six Sigma for end-to-end system analysis.
Arena, developed by Rockwell Automation, is one of the most widely adopted DES tools in industry and academia. Kelton et al. (2010) argue that Arena's visual interface, combined with robust statistical reporting and flexible logic modules, makes it highly suitable for modelling complex operations such as those found in assembly lines.
Furthermore, recent advancements have pushed the boundaries of DES integration. The emergence of hybrid models, combining DES with agent-based modelling (ABM) or system dynamics (SD), offers multi-layered perspectives on system performance. According to Brailsford et al. (2009), such hybrid approaches are particularly useful in contexts where both individual behaviours and macro-level dynamics affect outcomes.
In conclusion, DES provides a versatile, data-driven methodology for analysing complex systems. When implemented with proper data collection, validation, and stakeholder involvement, it becomes a powerful decision-support tool for operational improvement and strategic planning.

[bookmark: _Toc776744365]System Description and Model Setup
The system modelled is a production line comprising of a series of processing stations. These include:
Press Station: Applies force to components.
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Drill Station: Drills holes into components.
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Label Station: Applies labels.
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Cap Station: Places caps on finished assemblies.
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Camera System: Inspects components for quality control.
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Output Module: Final handling of the product.
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Additional system features include:
Hold and Queue Stations: Temporarily store components during processing.
MagBack and Refill Process: Involve part movement and manual operations.
Simulation input parameters were based on collected inter-arrival and processing time data. The system was run over an 8-hour (28,800-second) simulated workday.
The screenshot below illustrates the complete Arena model developed:
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[bookmark: _Toc276248373]Data Collection and Assumptions
Simulation input was based on observed operational times and estimated inter-arrival distributions. Key assumptions include:
Constant staffing with one operator per station
Exponential inter-arrival times for parts
Uniform resource availability (100% uptime)
Ignored downtime and machine breakdowns

[bookmark: _Toc1341530230]Simulation Results
The model was executed for one replication of 28,800 seconds. Key results are summarised below:
Throughput & Utilisation:
Entities Entered: 277
Entities Exited: 274
System Throughput: 272
Entity Total Time in System: 345.27 sec (avg)
Refill Person Utilisation: 43.5%
Press Utilisation: 6.88%
Drill Utilisation: 12.3%
Camera Utilisation: 2.47%
Label Printer Utilisation: 6.76%
Output Robot Utilisation: 4.06%
Waiting Times:
Label Hold: 1.04 sec (avg)
Press Hold: 1.34 sec (avg)
Mag Back Hold: 28.39 sec (avg)
Out Hold: 139.26 sec (avg)

Value-Added vs. Non-Value-Added Time:
VA Time: 82.99 sec
NVA Time: 0 sec (as modelled)
Wait Time: 170.09 sec
Transport Time: 61.2 sec
Other Time: 31 sec
The results indicate substantial wait time relative to value-added operations, particularly in the Out Hold queue. This suggests potential bottlenecks at the final stages of the process.
[bookmark: _Toc1701038999]Analysis and Interpretation
The analysis of the simulation results provides critical insights into the operational performance and inefficiencies of the modelled assembly line. Several important patterns and implications emerge from the data:
Firstly, the low utilisation rates of core processing resources such as the Camera System (2.47%), Press (6.88%), and Output Robot (4.06%) highlight underperformance due to either overcapacity or poorly synchronised scheduling. Such low utilisation may also suggest that these resources are waiting for upstream processes or are not being fed at optimal rates. This observation aligns with literature indicating that DES is particularly effective in identifying synchronisation problems (Banks et al., 2010).
The Refill Person, with a utilisation rate of 43.5%, is the most heavily engaged resource. This suggests a workload imbalance, where manual interventions are disproportionately required. Increasing the automation of manual tasks—such as part refill—could relieve this bottleneck and increase overall system efficiency. Literature by Baines et al. (2004) supports this, noting that manual processes are often the root cause of throughput inconsistency in mixed-mode manufacturing lines.
From the perspective of queue analysis, the Out Hold queue contributes the most to overall wait time (average of 139.26 seconds). This delay can be attributed to the downstream Output Robot's limited capacity or delays in final handling. The Mag Back Hold also adds a significant delay, suggesting a backup due to insufficient buffer handling or sequential processing constraints. Queue congestion is a classic indicator of imbalance between processing speed and arrival rate (Kelton et al., 2010).
Furthermore, Value-Added Time (VA) stands at 82.99 seconds per entity, while Wait Time is over double at 170.09 seconds. This disproportion underscores inefficiencies where entities spend more time idle than being processed. By improving synchronisation and resource availability, the proportion of VA time can be increased, boosting system productivity.
Another critical observation is the absence of Non-Value-Added Time (NVATime), which suggests all delays are modelled as part of system structure rather than task inefficiencies. While this simplifies the model, it underrepresents hidden wastes such as inspection errors, rework, and delays due to poor training or ergonomics. Future iterations should consider incorporating these elements.
From a systems perspective, the imbalance in arrival and service rates at various stations leads to downstream congestion. DES enables visualisation of this phenomenon, making it easier to evaluate where to implement buffers or parallel resources. For instance, adding a secondary Output Robot or increasing processing speed could alleviate the Out Hold congestion.
Lastly, the simulation confirms the importance of modelling end-to-end flows rather than isolated stations. It is only by observing the cumulative effect of delays, resource starvation, and blockages that accurate diagnoses and targeted improvements can be made. In accordance with Sargent (2013), this systemic approach to simulation strengthens the case for continuous validation and experimentation.

[bookmark: _Toc804520772]Model Validation and Verification
Validation was achieved by comparing model outputs to known benchmarks of the physical system. Throughput and cycle time were within ±5% of observed data, confirming reasonable accuracy. Verification steps included:
Step-by-step debugging of entity flow
Resource status tracking via animation
Cross-checking with hand-calculated cycle times
Some variables (e.g., half-widths) indicate insufficient replications for statistical confidence. Future runs should incorporate 10+ replications to generate reliable confidence intervals.
[bookmark: _Toc90576379]Recommendations
Several enhancements are proposed based on the current state analysis:
a) Reduce Bottlenecks:
Increase Output Robot speed or buffer size to reduce Out Hold wait time.
Stagger input arrivals to smoothen processing loads.
b) Improve Utilisation Balance:
Consolidate underutilised resources (e.g., share tasks between Camera and Label Station).
Evaluate Refill Person’s duties; add automation where feasible.
c) Add Capacity at Mag Back Hold:
Increase buffer size or reduce dependency on sequential resource release.
d) Model Expansion:
Include failure rates and maintenance schedules for realism.
Implement a multi-operator staffing model.
e) Experimentation:
Run "What-If" scenarios: varying shift lengths, batch sizes, and arrival rates.
Conduct cost-benefit analysis of adding another Output Robot.

[bookmark: _Toc938305312]Conclusion
This simulation provided vital insights into the dynamics of a complex assembly line. Key findings include underutilisation of machinery, high operator workload, and bottlenecks at final output stages. The use of Arena software enabled clear visualisation and data-driven diagnostics of system behaviour.
[bookmark: _Int_G5ffgILP]Discrete Event Simulation (DES) proved an effective tool for modelling and diagnosing the system. The implementation of a structured simulation methodology—rooted in robust literature—ensured that the analysis was both rigorous and relevant. By systematically exploring process performance, identifying inefficiencies, and proposing practical enhancements, this study contributes to the body of knowledge in digital manufacturing optimisation.
Moreover, the methodology and findings of this report can be generalised and adapted across other production systems, especially in SME contexts where resource constraints demand lean and scalable solutions. The proposed future state improvements offer a solid foundation for further experimentation and real-world pilot testing. Future research could incorporate more stochastic variables, machine downtime, and human error modelling for enhanced realism and accuracy.
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