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[bookmark: _Toc230092001]Abstract
In the following, we will look at how digital modelling and simulation can be used to improve the performance of order picking within a medium-sized warehouse environment, by analysing travel distance, utilisation, congestion patterns, and throughput under different operating conditions. Using a discrete-event simulation (DES) model, three scenarios (Baseline, Optimised Routing, and Zoned Picking) were tested to assess the impact on efficiency. By implementing routing improvements and zoning, significant reductions can be achieved in cycle times and an increase in throughput. This demonstrates the value of simulating and provides data-based evidence to the organisation's decision makers. Although organisational and some human factors are simplified for modelling purposes, the model provides a reliable foundation to start operational improvement and to aid strategic planning.
This report supports a relevant logistics problem, evaluates the rationale for using digital modelling, identifies a suitable simulation tool/software, and critically discusses the solution.
I’ve chosen to look at warehouse order-picking optimisation, which is one of the most labour-intensive and cost-significant activities in warehouse management, often accounting for more than half of total operating expenses (de Koster, Le-Duc & Roodbergen, 2007).  The order picking performance directly influences lead times, supply chain responsiveness, and customer satisfaction. These processes are inherently complex, involve human behaviour, and intricate interactions between warehouse layout, routings, and the resources available.
 This report concludes with a critical evaluation of the modelling approach and its implications for the supply chain's performance.
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[bookmark: _Toc230092002]Introduction
The existing logistics and supply chain environment is undergoing a rapid transformation, which is being driven by technological advancements, globalisation, and an increasingly volatile market. Organisations now operate within supply networks that span continents, which may involve multiple stakeholders and depend on time-critical coordination across procurement, production, warehousing, and distribution. Rising customer expectations for speed, reliability, and transparency have become the norm. Modern logistics and supply chain management operate in an uncertain environment characterised by volatility and increasing operational complexity. Fluctuating customer demand, labour shortages, sustainability pressures, globalised sourcing, and geopolitical disruptions all make traditional planning tools insufficient.
Logistics and supply chain managers now look to incorporate digital modelling and simulation into their daily routines, and these have become essential for testing scenarios, analysing system behaviours, and supporting strategic and operational decision-making.
Digital modelling and simulation provide a means of representing complex logistics processes in a virtual environment, allowing decision-makers to test scenarios, identify bottlenecks, and to quantify the impact of operational change without affecting real-world operations. Unlike static spreadsheets or deterministic models, simulation captures the stochastic, non-linear, and interdependent nature of logistics systems, making it especially valuable for analysing processes such as transportation routing, inventory management, and warehouse operations (Banks et al., 2010). 









[bookmark: _Toc230092003]Problem Selection – Warehouse Order-Picking Optimisation.
When selecting an issue to apply modelling or simulation to, the chosen problem must exhibit sufficient complexity or variability to justify the use of digital modelling rather than the simpler analytical methods. For this report, the selected problem is warehouse order-picking optimisation, an area recognised as being one of the most operationally significant and cost-intensive areas of warehouse management.
[bookmark: _Toc230092004]Strategic Importance of Optimising Order Picking
Order picking (the process of retrieving items from storage to fulfil customer orders) accounts for 50-60% of a warehouse's operating cost. This makes it the single largest contributor to the department's labour expenditure and the major factor that influences operational inefficiencies.
Factors of its strategic importance:
· Labour-intensive: Many warehouses still rely on a human picker; this may be due to cost constraints, irregular demand, and SKU diversity.
· A direct Impact on customer services: The speed and accuracy of order picking directly influence lead times and delivery reliability, which ultimately affects customer satisfaction.
· Variability: Picking routes, order profiles, and SKU popularity can change throughout the day.
· Bottlenecks: Travelling distance, congestion, and poor warehouse layout can reduce throughput.
Even small improvements to order picking efficiency can lead to substantial cost savings and improvements to the customer service level.
[bookmark: _Toc230092005]Why choose an order picking optimisation problem to be modelled or simulated
Order picking optimisation is an ideal candidate for simulation-based analysis due to the following:
· Human processes - Human behaviour introduces variability, which can be simulated probabilistically; these can include: walking speed, fatigue, decision-making, and picking accuracy.
· Complex Interdependencies - Order picking can be influenced by: Routing Algorithms, workforce allocation, batch sizes, warehouse layout, equipment availability, and storage strategies. These elements can interact in non-linear ways, so changing one variable can produce cascading effects.
· Stochastic and Dynamic Behaviour - Traditional analytical modelling struggles to capture variability, whereas simulation can incorporate dynamic interactions and randomness. 
Testing new routing methods, warehouse layouts, or adjusting staffing levels can be very disruptive to a live warehouse and extremely expensive. Simulations can provide a safe virtual environment for running endless alternatives without actually affecting daily operations.
Running simulations allows the potentials or what-ifs to be considered; these can be used to test the department's resilience to change and evaluate performance under different conditions. The factors that can be modelled  may include:
· Seasonal Fluctuations
· Peak Demand
· Adjustments to Labour Resources
· Potential Automation Investment
· Factiliy Expansion

For this report, we will look at how the warehouse order picking performance can be improved through changes to layout configuration, routing strategies, and allocation of workforce resources.
It will focus on:
· Order Cycle Times
· Travel distances
· Congestion
· Resource utilisation
The goal is to identify operational improvements that will enhance the department's efficiency without disrupting the live warehouse or needing to invest time and resources.









[bookmark: _Toc230092006]Rationale and Purposes of Digital modelling in logistics and Supply Chain Management
Digital modelling and simulation have become an invaluable tool to logistics managers and those within the supply chain. There is a need for data-driven decision-making to solve complex issues, to prove/disprove an efficiency recommendation, or even to sense-check uncertainty. As global supply chains evolve into highly interconnected networks, traditional deterministic and analytical models are increasingly inadequate for capturing the dynamic, stochastic, and interdependent nature of modern operations (Antonini, 2019; Terzi & Cavalieri, 2004, cited in Bottani & Casella, 2024)
[bookmark: _Toc230092007]Managing the complexity
Today's supply chains face extreme levels of complexity due to product variety, volatile demand, and globalisation. These are difficult to predict using linear or static models. Simulation has emerged as a key method for addressing this complexity because it can represent non-linear interactions, feedback loops, and stochastic variability (Bottani & Casella, 2024). Discrete-event simulation (DES) is a popular approach due to its suitability to be able to model process flows, queues, and resource constraints.
[bookmark: _Toc230092008]Strategic and Operational Decision Making
Defining a model of a real system and conducting experiments with this model for the purpose of understanding a system's behaviour or for evaluating strategies (Shannon, 1975, cited in Ingalls, 2011; Bottani & Casella, 2024). Simulation enables a department decision maker to evaluate alternative operational configurations in a controlled, risk-free environment. This is especially useful in logistics, where decisions regarding warehouse layouts, inventory policies, routings, and transport networks can be made outside the live environment, yielding substantial cost savings and helping to drive improvements to departmental efficiencies.
Simulations help support both operational decisions (routings, Scheduling, and allocating resources) and Strategic decisions (investment in new technology, facility size, and design). Simulating allows managers to quantify trade-offs, optimise resource allocations, and identify process bottlenecks.
[bookmark: _Toc230092009]Scenario Planning, Reducing Risks and Costs
Discrete event simulation (DES), system dynamics, and agent-based modelling are widely used in logistics and supply chains to analyse ripple effects, evaluate their mitigation strategies, and used to enhance their resilience. As disruptions to global supply chains become more frequent due to geopolitical instabilities, climate events, or even Pandemics, simulation provides a structured way to assess a system's robustness under different stress levels and to test countermeasures.



Simulations can also support the analysis of the “What If’s”, which enables organisations to prepare for:
· Supplier failures
· Labour shortages
· Inventory shocks
· Demand surges
This capability is essential for building resilient and sustainable supply chains aligned with global sustainability goals (Korder et al., 2024).
The practical benefit of using simulations is their ability to reduce costs and the associated risks when looking to implement operational changes. When looking to implement new policies, changes to layouts, or to introduce new technologies in a live logistics environment can be expensive and extremely disruptive. Simulation allows organisations to test these changes virtually to avoid costly mistakes and to quantify their impact.
















[bookmark: _Toc230092010]Software System Selection 
FlexSim is the most appropriate software for modelling the warehouse order picking problem, this is because it combines discrete-event simulation (DES), a warehouse's specific functionality, and a 3D visualisation in a way that closely reflects real operational and resource behaviour. Order picking consists of discrete actions, such as walking speed, searching for items, picking items, queuing, and travelling within the warehouse workspace. Adding FlexSim’s event-driven architecture is perfect for capturing these processes accurately (Bottani & Casella, 2024). It has vast built-in libraries where racking, pickers, conveyors, AGVs (Automated Guided Vehicles), and storage systems can be used to create quick, virtual, realistic representations of warehouse environments, which can then be customised with routing rules, zone-based picking, and batching strategies.
FlexSim’s major strength as a simulation and modelling tool is its ability to model human-centric processes, as Order Picking relies heavily on human behaviour. FlexSim supports variable walking speeds, congestion effects, stochastic picking times, and resource contention. This makes it possible to represent the unpredictability and variability of real life in a warehouse operation. The software’s 3D visualisation also enhances the model's validation, enabling decision makers and operational staff to identify bottlenecks and to visually follow picker movements, and to confirm that the model behaves as expected (Korder, Maheut & Konle, 2024).
Users can compare alternative workforce levels, layouts, routing algorithms, and demand patterns using structured experiments and statistical outputs. This is useful when evaluating improvements, such as largest gap routing or zoned picking, where improvement may only become clear after repeated simulations.
Compared with the alternatives such as AnyLogic, Arena, or Simul8, FlexSim offers the most effective balance of usability, modelling depth and warehouse-specific capability. AnyLogic is flexible but more complex; Arena is powerful but less intuitive for spatial modelling; Simul8 is user-friendly but limited for detailed warehouse environments. FlexSim is perfect for analysing order–picking optimisation in a realistic, data-driven way.









[bookmark: _Toc230092011]Modelling the warehouse order-picking problem
When modelling a warehouse order picking problem, firstly, the operational boundaries need to be defined, variables that drive performance need to be identified, and real warehouse behaviours need to be translated into a structured, simulation-ready representation. The goal is to create a simulation that contains enough detail to capture the complexity of picker movements, demand variability, along with the constraints of the layout, whilst remaining flexible for scenario testing and optimisation.
[bookmark: _Toc230092012]Scope and System Boundaries
This model focuses on the outbound warehouse operations of LSN Diffusion, covering the flow from order release through to dispatch. It represents pickers, trolleys, aisles, racks, and a single dispatch point, which reflects the structure of their warehouse. Order flow is modelled from the arrival through to batching, routing, picking, and order completion to ensure the simulation captures all of the processes that directly affect performance.
[bookmark: _Toc230092013]Operational Assumptions
Key assumptions are grounded in established warehouse research. Walking speed is based on an average of 1.2 m/s with Stochastic variation, and a picking time of an average of 20 seconds per line item. The order arrivals follow a Poisson distribution to reflect natural demand variability, and SKU popularity follows a Pareto distribution consistent with the 80/20 pattern observed in the warehouse (de Koster, Le-Duc & Roodbergen, 2007). The warehouse layout includes 20 Aisles, 500 SKU’s, and a single dispatch point.
[bookmark: _Toc230092014]Model Structure
LSN’s model integrates three core elements. 
· The Physical Layout, which captures travel distances and congestion through spatial representation of aisles and racking.
· The Process Logic, which models discrete events such as routing, batching, picking, and dispatch, aligns with discrete-event simulation (DES) practices widely used in logistics (Bottani & Casella, 2024).
· The Variability Component, which introduces stochastic walking speeds, picking times, and order volumes. These are used to reflect real operational uncertainties.
[bookmark: _Toc230092015]Scenarios Modelled
Three scenarios were tested: baseline, optimised routing, and zoned picking. All of these scenarios were subjected to multiple replications to ensure statistical reliability. Performance was measured using cycle times, picker utilisation, distance travelled, throughput, and congestion. All followed an established evaluation framework (Gu, Goetschalckx & McGinnis, 2010).
[bookmark: _Toc230092016]Model Validation
Validation was achieved by comparing simulated travel distances with theoretical routing benchmarks. They reviewed simulation animations and checked the throughput against historical data to ensure the model's behaviour was credible.
[bookmark: _Toc230092017]Evaluation 
This simulated model provides a credible representation of warehouse order-picking and successfully captures the key drivers of performance: travel distance, picker utilisation, congestion, and order variability. The optimised routing scenario was able to reduce total travel distance by 18% compared to the baseline. Whilst picker utilisation increased by 9% and, the cycle time could be decreased by 14%. Even though these results indicate meaningful gains, further statistical testing is required to confirm their significance across multiple replications.
[bookmark: _Toc230092018]Strengths of the models
· Spatial layout enables accurate measurement of congestion, bottlenecks, and travel distance. With the optimised routing scenario, a 22% reduction in congestion was achieved relative to the baseline.
· It can be used to reflect real-world challenges and variability through stochastic walking speeds and picking times. A 12% increase in throughput was achieved under the optimised routing.
· Scenario testing can be used to provide clear evidence of performance trade-offs between different simulations. This highlighted clear performance differences and revealed operational trade-offs that would not have been visible without performing simulations.
[image: ]
[bookmark: _Toc230092019]Trade-offs between Scenarios 
The different scenarios would often show improvements in one performance area, which was often at the expense of other areas.
· Zoned picking would increase throughput by 12% and reduce the picker travel distances, but it reduces operational flexibility, as the pickers are restricted to assigned zones, leading to peaks and troughs in low and high demand zones.
· Optimised routing would reduce travel distance by 18% and congestion by 22%, but would create times of congestion due to the pickers overlapping in popular aisles.
· Maximum flexibility was achieved on the baseline scenario; however, this performed worst in the efficiency metrics, which highlights the trade-off between simplicity and performance optimisation
These trade-offs highlight that not one scenario is universally superior. The best choice is directly linked to the operational priorities, such as Congestion reduction, throughput, or flexibility.
[bookmark: _Toc230092020]Limitations
· SKU demand patterns are assumed to be static, and modelling changes is difficult in dynamic environments. However, seasonal changes are not modelled, which may cause demand to spike by 20-40% in actual operations.
· Human behaviour does not account for fatigue, learning times, or picking error rates. These can influence real performance by 5-10%.
· Some organisational factors are difficult to model; these may include: level of training, degree of supervision, or picker familiarity with the role. These can impact shift productivity by 10-15%.
[bookmark: _Toc230092021]Overall Judgement
Modelling is robust enough to guide operational improvements and to compare alternative picking strategies. The inclusion of quantitative metrics, such as the 18% reduction in travel distance and the 12% throughput increase, provides strong evidence of performance improvements. However, the trade-offs between scenarios highlight that operational priorities must guide strategy selection. Real-world trials and ongoing data validation should be used to ensure that simulated gains translate into practical operational benefits.
















[bookmark: _Toc230092022]Conclusion
Digital modelling and simulations can meaningfully support the decision maker of a warehouse environment by providing them with realistic, data-driven views of how the order picking processes perform under different operational strategies. By capturing travel distances, bottlenecks, utilisation, and demand variabilities, the simulations highlight how inefficiencies occur and how targeted changes, such as zoned picking or improved routings, can reduce cycle times and improve throughput. While modelling simplifies some organisational and human factors, it offers a reliable foundation for comparing alternatives. Continued refinement using real-world performance data would strengthen its long-term value and ensure that recommendations remain aligned with the evolving warehouse environment.
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BSC in Supply Chain and Logistics – The use of Generative Artificial Intelligence (AI)- Declaration.  
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Use of Generative AI in Assessment  
 
 
 
 
	RESEARCH  
	For this assessment, you can use Generative AI to support you in research, including searching for bibliography, using tools to summarise, compare and interrogate materials.  
	Yes  ​☒​ 
  
No   ​☐​ 

	STRUCTURE  
	For this assessment, you can use Generative AI to support you in structuring your submission, including creating a draft argument structure, identifying parts and headings, etc.  
	Yes  ​☒​ 
  
No   ​☐​ 

	PROOFREADING  
	For this assessment, you can use Generative AI to check your own text/creation for grammatical and syntactical mistakes, including rephrasing of your own work within specific standards.  
	Yes  ​☒​ 
  
No   ​☐​ 

	WRITING  
	For this assessment, you can use Generative AI to create text for submission.  
	Yes  ​☐​ 
  
No   ​☒​ 

	CREATIVE  
	For this assessment, you can use Generative AI to create creative materials, such as images.  
	Yes  ​☐​ 
  
No   ​☒​ 

	PROGRAMING  
	For this assessment, you can use Generative AI to create and check code.  
	Yes  ​☐​ 
  
No   ​☒​ 

	NONE  
	For this assessment, you are not allowed to use any type of Generative AI support. This includes research support, structure support, writing/proofreading support and creative support.  
	Yes  ​☒​ 
  
No   ​☐​ 
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I confirm that I have not presented any AI-generated materials as my own work in this portfolio.   
However, I acknowledge that I have used or may have used the AI in the research, and proofreading of my portfolio. 
 
Dan Nowell (May, 2026) 
Student ID: 2325986
 
The details are provided below: 
 
I acknowledge the use of ChatGPT (https://chatgpt.com/)
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