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Abstract 

The e-fulfilment business is growing rapidly and receives more attention from academics. Despite the 

growing attention, still some areas in this business are under exposed. Most academics focus solely on 

the picking process as it is the most labor-intensive part of warehouse operations and attempt to provide 

solutions that improve the efficiency of this process. However, an integral solution that includes and 

optimizes the subsequent processes, e.g. sorting and packing, together with picking optimization is 

lacking. Therefore this research designs and evaluates a new batch release policy in an e-fulfilment 

context during a peak and off-peak and tests whether this new policy is capable in increasing the picking 

and packing efficiency by delaying the release of batches and considering the workload position of the 

packing lines. Packing lines are prioritized based on the difference between their workload position and 

target workload level. The results show that a delayed batch release in combination with a balanced 

workload distribution results in a decrease of the average picking time per item and batch waiting time. 

Furthermore, the results indicate that the percentage tardy batches stays below the threshold and 

utilization variance are positively affected by the delayed batch release policy together with an efficiency 

increase. Some limitations are noted, and these limitations are used to provide several directions for 

further research for both practitioners and academics. 
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Management Summary  

This research is performed at Ingram Micro Commerce and Lifestyle Services in Waalwijk, the 

Netherlands. Ingram Micro Commerce and Lifestyle Services is a logistic service provider (LSP) hired 

by some renowned companies to conduct their logistics.  

Problem statement and assignment  

E-commerce and e-fulfilment are two rapidly growing businesses (de Koster et al., 2007). Even in the 

past months with the COVID-19 pandemic and the economy slowing down, e-commerce is growing 

faster than it has done before while traditional brick-and-mortar stores face more and more challenges. 

To keep up with the growth, e-fulfilment companies need to adapt their processes to remain efficient. 

Warehouses cannot always grow further, and internal changes are required. Increasing the efficiency of 

the processes inside a warehouse should therefore have high priority. 

Ingram Micro observed that their processes did not meet the expected efficiency level and both waiting 

time and idle time were present. It is believed that this has a negative effect on the efficiency level. 

Further exploration of the observed problems led to the batching process which was later identified as 

the root cause of the problems. The batching process created a misalignment between picking and 

packing as the workload was not balanced among the outbound lines and led to the starvation of a line. 

Also, the batching algorithm was not used at the best of its abilities due to human interaction.  

The literature study indicated that a higher picking and packing efficiency could be achieved if the batch 

release decision is delayed in combination with a better workload control mechanism. This combination 

should reduce both waiting time and idle time.   

Therefore the main research question that should be answered in this master thesis project is how a batch 

release policy can increase both picking and packing efficiency. An alternative batch release policy is 

designed and tested during a case study to validate whether the proposed policy would achieve the 

requested efficiency gain. The assignment of this master thesis was defined as follows: 

“Propose a new batch release policy that allows pickers and packers to operate more efficiently 

without compromising on fulfilment” 

 

Conceptual design 

In this thesis a new batch release policy is designed that delays the batching decision and balances the 

workload by evaluation of the workload position against the target workload level. Packing lines which 

have an undershoot are prioritized over lines with an overshoot. These lines have a higher probability 

of starvation. Multiple batch types are distinguished. Most of the batch types run through two processes 
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(picking and packing) where each process consists of multiple independent parallel servers. The other 

batch types run through three processes (picking, sorting, and packing). An additional sorting operation 

is required when a customer order consists of multiple items. 

 

Results 

To assess whether the proposed policy increases picking and packing efficiency without compromising 

on fulfilment, a simulation is built that includes the batch release policy. Multiple scenarios are defined 

to quantitatively examine the effects of the new policy compared to the current batch release policy. 

Delaying the batch release decision, (1) the order basket is larger and helps the batching algorithm in 

creating batches with more of the same items or items closer to each other, and (2) the workload among 

the outbound lines can be better managed. The results show that indeed the workload can be better 

managed when the batch release is delayed. The utilization variances among the outbound lines decrease 

compared to the base case scenario. Furthermore, eliminating the batch waiting time and thus decreasing 

the number of batches in the system makes it easier to control the operation. This results in a better 

alignment between picking and packing, since the right activities are performed at the right time.  

Unlike expected, only significant results are found for the decrease batch waiting time whereas the 

results with respect to the average picking time per items shows some significant results. The percentage 

tardy batches and the utilization variance among the outbound lines have not significantly changed. 

Despite the absence of significant differences, it seems that the new policy together with the efficiency 

increase decrease the percentage tardy batches and the utilization variance. The decrease in percentage 

tardy batches is not significant but the results are still below the threshold.  

Additionally, the average batch picking time decreases because of better batch compositions. A decrease 

of 1.1 and 2.5 percent is observed in a peak month (December 2019) and an off-peak month (January 

2020), respectively. A decrease in picking time might not only reduce the percentage tardy batches but 

it also prevents outbound lines from starvation. The time between two consecutive batch releases is 

shorter which also means that the workload position of the different outbound lines is more often 

evaluated against their target workload level. The review of the workload position happens more often, 

and the workload can be better controlled. This implies that the utilization variance among the different 

outbound lines is better aligned. Lastly, the batch waiting time is eliminated and batches are released 

after a picker becomes available.   
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Conclusions 

It can be concluded that the proposed batch release policy increases the picking and packing efficiency 

by delaying the batch release and balancing the workload among the outbound lines.  

Analyzes have shown that a picking efficiency increase of 1 percent can be achieved in a peak month 

and 7 percent in an off-peak month. As a result of this efficiency increase, the average picking time per 

items decreases in both peak months and off-peak months. These reductions seem relatively small but 

when they are placed in perspective with the number of items processed on a day, a substantial reduction 

can be achieved. Also, with the introduction of the new batch release policy is the batch waiting time 

eliminated. Batches are released when necessary and incorporate all the information until then. 

Furthermore, the percentage tardy batches stays below the set threshold.  

Despite that the policy not always results in significant outcomes, the workload is always better balanced 

in terms of a decreased Mean Square Error (MSE). The extent to which the improvement occurs is larger 

in periods of lower demand. January 2020 showed a larger reduction in utilization variance during the 

first shift compared to the second shift. December 2019 also showed a similar pattern only with a smaller 

reduction than January 2020. Furthermore, the highest reductions are found in combination with the 

highest efficiency increase percentages.   

 

Recommendations 

Based on the findings and limitations, some directions for further research are identified and 

recommendations are provided for practitioners.  

The observed results underline the benefits that could be achieved when the proposed policy is 

implemented. Therefore, Ingram Micro is recommended to implement the proposed policy. However, 

before they could implement this policy more, and real-time, data must be available as the proposed 

policy requires it to work properly. Real-time data is needed calculate continuously the workload 

positions. Moreover, academics are recommended to further explore warehouse operations and include 

the customer order arrival dynamics or a dynamic batch size into the model.  
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1 – Introduction 

This first chapter is the introduction to this master thesis and this thesis is performed to complete the 

master Operations Management & Logistics of Eindhoven University of Technology in cooperation 

with Ingram Micro Commerce & Lifecycle Services located at the Veerweg (Waalwijk), which will be 

named Ingram Micro in the rest of this report. Ingram Micro is a logistic service provider (LSP) that 

carries out logistic operations all over the world. In the remaining of this chapter more information is 

given about Ingram Micro, the problem they are facing, the problem scope, the research questions, and 

the research methodology. 

 

1.1 – Company description 

The company Ingram Micro is divided into several independent business units, e.g. Commerce & 

Lifecycle Services, Cloud products & services and Technology solutions. The Commerce & Lifecycle 

Services unit brings forward logistics, reverse logistics, and IT asset disposition services (assisting in 

decision about whether to refurbish, resell, recycle or dispose business equipment).  

In the past, Ingram Micro Mobility, Ingram Micro Logistics and Ingram Micro ITAD were independent 

and since 2018 they are together in Commerce & Lifecycle Services. The merge of these lines of 

business represents significant investment and they have performed some strategic acquisitions 

(Brightpoint, Anovo, CloudBlue, Shipwire, and DocData). The result is a combined portfolio of services 

that addresses the full commerce lifecycle of any product, enabling customers to thrive in the ever-

evolving Business of Commerce. 

The services include marketplace connectivity, order management, fulfillment, transportation 

management, reverse logistics, repair, recycling, and resale. Combined with an open technology 

platform and global infrastructure, they help our customers to deliver on their brand promises every 

order, every day, everywhere, every way. 

The Commerce & Lifecycle Service business unit is located all over the world, from the Americas to 

Asia and managed the business of some leading brands, retailers, and enterprises. A few known brands 

are Samsung, Google, Vanity Planet, Honeywell, Best Buy, and LG. Two large clients in the 

Netherlands are De Bijenkorf and bol.com.  

All the information that follows from this point is specifically about the location Veerweg in Waalwijk, 

for which I do my master thesis. At this location, Ingram Micro runs a part of the logistic operations of 

bol.com as the other activities for bol.com are performed at the bol.com Fulfilment Center (BFC), also 

located in Waalwijk. 
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One of the strengths of Ingram Micro is its knowledge with respect to warehouse activities, e.g. forward 

logistics, order management, and reverse logistics. Over the years they have become a global leader in 

this area. In the warehouse located at the Veerweg, different activities are performed, graphically 

displayed in Figure 1. 

Batching

Picking Packaging ExpeditionPut-awayReceiving

Storage Storage Batches Packages

Stock control

Returns

Unloading

Storage

Storage

Exit

 

Figure 1: Simplified process overview carried out in Ingram Micro's warehouse 

The whole process can be divided into two parts, namely the inbound process (highlighted in blue) and 

the outbound process (highlighted in orange). The processes from unloading to put-away are part of the 

inbound process and everything from picking to expedition is part of the outbound process. 

The different processes are: 

o Unloading: the first step in the process where trucks arrive at the loading docks. The trailers are 

unloaded, and items are prepared for receiving. There are two goods flows, one with ordered 

items to put on the shelves and one with items returned by the customers.  

o Receiving: this step consists of booking received items in the system and sometimes item 

relabeling. Subsequently, these items are sorted based on the dedicated area in the warehouse 

so that they can be put-away. 

o Put-away: the received items are stored in the shelves in this step. The assignment of an item to 

a shelf location is random, every empty shelf location can be used. However, some products 

must be stored in predefined shelf locations. 

o Stock control: In this process, missing items are checked, cycle counts, and other tasks related 

to stock control are performed.  

o Batching: a team of batching operators is occupied with the creation and release of batches (a 

set of items to pick) to pickers. Commands are sent to the system to create the requested number 

of batches for a certain packing line.    

o Picking: pickers travel throughout the warehouse to collect all items of a batch and deliver those 

at the corresponding packaging area (outbound line).  
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o Packaging: during this process are the collected items sorted and subsequently packed or 

immediately packed. An order containing only one item does not need any sorting. This happens 

at the twelve different packaging lines where each line can handle only type of batches.  

o Expedition: this is the last step in the process, the packages are sorted based on their destination 

and the containers containing the packages are loaded into the trucks of the carrier.  

o Returns: a parallel process are the returns; all items sent back by the customers are graded to 

determine whether they can be resold at the web shop or not. If this is not the case, the items are 

sold to second-hand dealers or thrown away.     

 

1.2 – Problem description 

Last year, several changes have been introduced to improve different outbound processes. For example, 

pickers initially received a printed batch number at a central location, and this has been changed to an 

automated step. They now receive a new batch automatically on their scanners after finishing the 

previous batch. Other processes like transportation, unpacking of incoming items, storing incoming 

items are still executed manually, however, some of these processes, like picking, cannot be executed 

without operators. No automated system is in place for picking which means that operators need to visit 

different locations to gather the ordered items by themselves.  

This is not the main reason why Ingram Micro could use a master student to analyze a part of the 

processes and advice a solution direction. Almost all processes are performed by operators and they are 

the largest expense for bol.com. Idle time of these operators or process starvation should therefore be 

minimized. Starvation can be described as the status of a process when a process such as production 

comes to a halt due the lack of work. Millions of euros are paid by bol.com to Ingram Micro for running 

the warehouse activities. However, the resources Ingram Micro can use are not unbounded as they have 

to stick to a predetermined budget. This budget is made in consultation between bol.com and Ingram 

Micro. Besides, agreements have been made about an acceptable deviation from this budget. Together 

this has led to a key performance indicator (KPI) for labor efficiency, i.e. how much hours are spent 

versus how much could be spent based on the budget, with a bonus structure. Last year Ingram Micro’s 

efficiency was about 107.5% where everything above 100% is a negative deviation from their labor 

budget. Thus, there is an overspend of 7.5% compared to the budget. Overspending the budget in labor 

hours is negative for Ingram Micro in terms of performance and runs the risk of missing out of a bonus. 

This indicates room for improvements with respect to efficiency and improving the processes.  

To reach the labor efficiency, the same number of items must be processed in less hours to come closer 

to the 100% target. If Ingram Micro can deliver what is agreed upon with bol.com, they improve their 

competitiveness and become a more reliable partner.   
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Operational dashboards show that inefficiencies are visible in each individual process across the primary 

process flow displayed in Figure 1. There is no process which achieves the efficiency as defined in the 

budget. However, some inefficiencies are not the result of Ingram Micro’s acting. Production plans are 

based on the information provided by bol.com and this information is not always accurate. For example, 

bol.com can tell that somewhere in the week, company X will deliver Y items but when exactly, they 

cannot tell. As a result, the inbound processes, e.g. unloading, receiving, and put-away, are difficult to 

control as no exact information is available. The agreements bol.com has made with its suppliers are 

loose and not complying to these agreements has no consequences for suppliers. As a result, 

inefficiencies in the inbound processes are the result of bad information provision from bol.com. Ingram 

Micro tries to cope as best as possible with the inaccurate information. On the contrary, bol.com is often 

well capable in forecasting the items sold per day. Sometimes there is only a difference of a few hundred 

on a total of 100,000. Thus, the inefficiencies in the outbound processes are mainly the result of Ingram 

Micro’s acting as bol.com can exactly tell how much they can expect. The precise estimation of 

workload for the outbound processes provide solid ground for further exploration.   

When investigating the different outbound steps, several inefficiencies were found by conversations 

with operators from different hierarchy levels and by doing some field work in each step of the process. 

These findings are cross-checked and confirmed by other operators. One of the problems identified is 

starvation at packing lines’ workstations and which occurs on a daily basis, multiple times a day. It 

happens that only a few items are available when packing operators start or there are not enough items 

to maintain a constant work pace and the process comes to a halt. As a result, the average time per item 

goes up and results in a time higher than the predetermined budget. In the end, this cost both Ingram 

Micro and bol.com money. Another identified problem is to start processing at a packing lines with 

minimal demand at the starting moment. Delaying the start could create possibilities to increase 

efficiency and still reach the fulfillment target as operators can work at a higher pace. But more 

importantly, the order basket has more time to grow which is helpful later. The batching algorithm has 

more items to choose from and produce batches which are easier or take less time to pick. Besides the 

previous identified inefficiencies, a more important problem is observed when taking a closer look. 

Batches are released without any rhythm or pattern and often stay in the system for a significant amount 

of time. Releasing batches which are not needed, is inefficient as better batches can be created from a 

larger group of ordered items. This leads to more efficient routes and shorter processing times. Also, no 

real time data is available to help the batching operators, i.e. operators who are responsible for the release 

of batches, in their work. Batching is the process which initiates the subsequent processing steps and 

could therefore prevent the observed problem of starvation by better managing the workload when it 

has accurate and real time information available. Batching operators must balance an ideal workload for 

subsequent processes and the release of efficient batches. In the ideal situation there is just enough work 

available to keep everybody working and have the largest possible order basket to create batches from. 
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Concluding, batching is seen as the main problem because this process decides which batches are 

released and how much work an outbound line gets. The decision made by the batching operators may 

result in process starvation, or an outbound line is started too early. These problems are the results of 

the decisions batching operators make. Therefore, the release of batches is seen as the root cause during 

this master thesis. 

 

1.3 – Project scope 

This section continues with the scope for this master thesis. To obtain the desired results, some factors 

do not need to be considered and a scope helps with this. Furthermore, a clearly specified project scope 

makes it easier to follow the plan and avoids to get distracted from other perspectives.    

The problems identified at Ingram Micro are mentioned and explained in the previous section. The 

inefficiencies are visible across the whole process, in both inbound and outbound processes. However, 

due to the dependency of bol.com concerning the delivery accuracy of incoming items (cannot be 

controlled by Ingram Micro), the inbound process fluctuates in efficiency. This is accepted by bol.com 

as they cannot provide better forecasts. This fluctuation in workload makes it difficult to analyze and 

provide a solution as every day can be different. On the other hand, the outbound processes can be better 

forecasted and are not subjected to fluctuations in the given forecasts. Bol.com can forecast very 

precisely the expected number of items sold at a certain moment in the future. Therefore, the outbound 

process is a better starting point compared to the inbound process to improve the efficiency at Ingram 

Micro. Therefore, the inbound processes are out of scope. 

During this research, the focus will lie on the outbound process inside Ingram Micro’s warehouse located 

at the Veerweg. Improving the inefficiencies has management’s priority and is important to keep 

bol.com, and its customers satisfied. Bol.com has a delivery promise (ordered before 23:59, delivered 

the next day) and wants to keep this promise. That is why the outgoing flow of packages is important. 

Ingram Micro is hired to fulfill this promise and is rewarded for their performance with a bonus when 

the agreement is met. Currently, Ingram Micro processes more than expected by bol.com on time but in 

an inefficient manner 

However, the scope of this master thesis can be further narrowed down to a smaller process instead of 

the whole outbound process. The first process in the chain and at the same time the process which 

initiates all the other processes is batching. Batching has maybe the most important role in processing 

of customers’ orders and making sure everything can be delivered on time. How efficient the orders are 

processed depends on the length of the picking route, the size of the batches, and when the batch is 

released for picking. Currently, Ingram Micro can meet the fulfillment targets but in an inefficient 

manner. Therefore, batching and the subsequent release should be the starting point to explore possible 
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solutions which make the outbound process more efficient. Moreover, the way operators operate in the 

picking and packing process depends on the batching process. Batching operators determine for which 

outbound line they release a batch, and in which order the released batches are processed. Batching is 

the engine of the operation and determines how the other processes proceed. Figure 2 shows the scope 

and the associated relevant processes.  

Batching

Picking Packaging ExpeditionPut-awayReceiving

Storage Storage Batches Packages

Stock control

Returns

Unloading

Storage

Storage

Exit

 

Figure 2: Process overview with the project scope highlighted in orange in combination with associated relevant processes 

highlighted in light orange 

These other processes are included in the scope to examine the effect of certain choices and decisions 

made in the batching process. Currently, a batching algorithm is in place and creates batches from the 

available orders/items in the order basket. At this moment it is not possible to adjust this algorithm. 

Therefore, it is assumed that the current batching algorithm performs well in terms of creating the most 

efficient batch at the moment of requesting a batch. However, when to create and release a batch can be 

improved.    

Furthermore, the scope of this master thesis can be bounded by the scientific methods. To solve the 

observed problem, the research methodology of Mitroff et al. (1974) is used. A more detailed overview 

of this research methodology and the corresponding steps in this methodology are given in Section 1.5. 

During the different steps of conceptualization, modeling, model solving, and implementation a solution 

is developed, tested, and implemented. Finally, the solution should help increase Ingram Micro’s 

efficiency. Different methods are available to develop mathematical models or to create simulations. 

Both help in developing a model and provide some novel insights for Ingram Micro. Scenario analysis 

is used to examine the effect of the implemented changes in the batching process on picking and packing. 

Finally, all the gathered information and data is compared with the available information in the literature 

to check for similarities and differences. 

In conclusion, the project scope include batching, picking, and packing with the focus on batching. It is 

important to look at the whole process instead only a part of it, implemented changes for batching could 

have a negative effect on the other processes.  
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1.4 – Research Questions  

This section will elaborate on the main research question and accompanied research questions.   

To address the identified problem, i.e. not properly working batching process, the following research 

question needs to be answered: 

How can a batch release policy increase picking and packing efficiency and                          

minimizing starvation without compromising on fulfillment?  

To answer the main research question, the following research questions are determined. 

First, the current situation, i.e. relevant processes, must be identified to get an overview of the process 

currently happening and all the aspects related to it. This overview serves as the basis for the rest of the 

project and can be used as reference for evaluation.    

o How do the current processes look like in detail? (RQ1) 

Subsequently, the casual relations between the decision variable batch release moment, and the KPIs, 

i.e. efficiency, starvation, and fulfilment, need to be identified.  

o Which casual relations exists between the decision variable and KPIs? (RQ2) 

Another aspect important to know upfront is the current production capacity and the processing rate of 

the processes under scope. These figures give information about Ingram Micro’s operational boundaries 

and are needed during the model solving phase (Mitroff et al., 1974).  

o What is the current capacity/processing rate of the different processes? (RQ3) 

After identifying the current situation and all the things related to it, a new model can be developed that 

should solve the observed problem. A batch release policy with batch size and release moment as 

decision variable needs to be developed to positively influence the KPIs.  

o How should the batch release policy look like to positively influence the KPIs for efficiency, 

starvation, and fulfilment? (RQ4) 

The results need to be examined after developing the new policy. The main driver for the KPIs must be 

identified to solve the identified problem. Subsequently, a comparison between the newly proposed 

policy with the current policy needs to be made.  

o What is the main driver that positively influence the KPIs for efficiency, starvation, and 

fulfilment? (RQ5)  

o What are the effects on the KPIs when implementing the new batch release policy? (RQ6) 
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1.5 – Research Methodology 

Different methods are available to analyze problems and to do scientific research. An early contribution 

to these methods is the article by Mitroff et al. (1974) where they present a methodology model for 

operations management. This model is graphically presented in Figure 3 and is based on initial 

approaches when operational research emerged as a field. This method clearly defines the different 

phases of the research and provide guidance along the way. The following phases are identified in this 

method: 

o Conceptualization 

o Modeling  

o Model solving 

o Implementation 

The first phase is the conceptualization where the researcher creates a conceptual model of the observed 

problem and the system under review. Decisions about the variables that need to be included in the 

model are made, the scope of problem is defined, and model to address is identified by the researcher. 

During the next phase, a quantitative model is built and casual relationships between the variables are 

defined. These aspects together help forming a scientific model. In the next phase, the model solving 

process takes place. Normally mathematics plays a dominant role in this phase and lead to a model 

which should be able to solve the observed problem. Lastly, the results of the model are implemented, 

and the problem should be solved. Subsequently, the cycle can start over to solve another problem or 

find another solution for the first observed problem. As shown in Figure 3, shortcuts in the research 

cycle can be taken but often lead to less desirable solutions (Mitroff et al., 1974). After completing this 

method, I should be able to answer the main research question stated in previous section. 

 

Figure 3: Research model of Mitroff et al. (1974) 
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The methodology can be further specified via the activities carried out during this master thesis in the 

different phases in combination with the research questions. The first phase in the cycle of Mitroff et al. 

(1974) is conceptualization where the current situation is identified, and this served as a starting point. 

The observed problem is described in combination with all the relevant factors. This model served as 

the basis for the rest of the project and is based on all available information. A starting point needs to be 

defined before improvements can be implemented and validated. Subsequently, the casual relationship 

between the decision variables and the KPIs are exposed. These casual relationships need to be identified 

to reveal the interactions and dependencies between the variables. Furthermore, the capacity and 

processing rate of relevant processes was determined.  

During this phase I have used historical data from two periods, i.e. off-peak and peak data, due to the 

seasonality bol.com experiences. The off-peak data set will contain the data of the month January and 

the peak data set will contain the data of December. January is chosen because it is the next month after 

December and represents a quiet month. Furthermore, one month of data is used because of the size of 

the dataset. This data contained information about batching, pick time, pack time, transportation time, 

and arrival rates of incoming orders. Data analysis revealed the processing times of picking and packing 

operations and the current level of efficiency. Furthermore, information is gathered from randomly 

selected experienced operators who work on the floor. With this information, a complete overview of 

the current situation is formed. At the end of this phase, i.e. end of Chapter 3, the answer on RQ1, RQ2, 

and RQ3 is given.  

The second phase in the cycle is modeling and the obtained information in the previous phase is 

transformed to a simulation model (scientific model). A simulation model is chosen because it provides 

the opportunity to replicate the reality in detail and to monitor changes over time. Furthermore, a 

simulation model could be used later by the company itself to evaluate the effect of different changes. 

Relevant literature and methods regarding pick-pack alignment and batch release policies are 

incorporated in the model. The simulation model is used to assess what the influence of decision variable 

(batch release moment) is on the KPIs for efficiency, starvation, and fulfilment and what influences the 

KPIs the most in a positive sense. This phase is characterized by a more mathematical approach.  

The simulation model is built as a discrete event simulation to find an optimal solution, given the 

conditions, which satisfies the KPIs. With the help of a simulation, it is possible to solve and validate 

the model to find reasonable answers. The programming language R and the Simmer package within R 

are used as the program in which the discrete event simulation model is built. This phase ends with the 

answer on RQ4, which is given at the end of Chapter 5.  

The third phase in the cycle is model solving and leads to a solution. In this phase the results are 

evaluated against the current situation to see what the improvements are. Most importantly, assess 

whether the newly proposed policy performs better than the current situation based on the set KPIs for 
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efficiency, starvation, and fulfilment. Subsequently, Ingram Micro is advised in which policy is best for 

their business. This information can be used during the implementation. The results provide the answer 

for RQ5 and RQ6 and is given at the end of Chapter 9.  

The fourth phase of the cycle is the implementation, results from the simulations can be implemented in 

the processes. Although this master thesis does not cover the implementation phase, some guidance is 

given in case Ingram Micro decides to implement the newly developed policy. The implementation itself 

should be executed by Ingram Micro and it could help the batching operators in creating and releasing 

more efficient batches. Furthermore, implementing the results in the operation does not need to be costly 

as only some additional IT software is needed that tracks per outbound line the workload of the already 

released batches and evaluates whether all conditions are still met. These kinds of features are welcomed 

with open arms by Ingram Micro. It could create a standardized process and might result in the 

redundancy of batching operators in the future. 

 

2 – Relevant literature 

This chapter will cover the most important findings from the extensive literature study that was 

conducted in preparation for this research project and concludes with the research gaps. Section 2.1 

covers the relevant and important findings with respect to batching, workload balance and task 

postponement. This chapter ends with a section discussing the identified research gap(s) (Section 2.2).  

 

2.1 – Literature  

The growing e-commerce business in combination with the increasing market competition has 

pressurized e-retailers, logistic service provides (LSPs), warehousing- and shipping companies. Short 

delivery times have become more important and are often used as a marketing ploy. This has tightened 

processing time of orders in which the items need to be picked, sorted, packed, and shipped. This is the 

task of LSPs and warehousing companies which need to ship products to the right location, at the right 

moment, and the right amount without damage and in the most cost-effective way (Manzini et al., 2015).   

Most research has focused on the order picking process in terms of throughput time and picking routes. 

The consecutive processes of sorting and packing and the combination of these processes have received 

little attention from academics. However, managing all these operations together, i.e. picking, sorting, 

and packing, is a problem that is common in practice (Van Nieuwenhuyse et al., 2007).  

How to combine all customers so that each ordered can be retrieved is called the order batching problem. 

Gademann and Van de Velde (2005) describe it as the problem of simultaneously assigning orders to 

batches and determining a picking route for each batch that satisfies the objective function. Two drivers 
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for batching are identified: reducing the (total) travel time and reducing the travel distance and thus 

increasing the throughput. However, the effect of minimizing travel time or travel distance by for 

example decreasing the number of items in a batch on the subsequent processes is neglected. Each 

process is often analyzed solely without considering the previous or next processes. Increasing the batch 

size may decrease the total travel distance at picking but might result in an unbalanced or fluctuating 

workload at the packing operation. On the other hand, a smaller batch size may increase the total travel 

distance for picking but may also reduce the interarrival time of batches arriving at sorting and packing. 

Moreover, the way items are stored and distributed across the warehouse determines the efficiency of 

the picking process. The storage and retrieval of items are two individual processes but closely related 

and should be analyzed together.   

Won and Olafsson (2005), Henn and Schmid (2013), and Cheng et al. (2015) underline the importance 

of jointly investigating batching and picking operations. It is important to not solely analyzing a single 

process but incorporating previous and subsequent processes. Operations need to be aligned with each 

other to function properly. The composition of the batches, the processing time, and the sequence in 

which they are released is essential and has significant impact on the delivery performance and violation 

of cut-off times. Results show a substantially lower response time when the problem is addressed as 

joint problem (Won & Olafsson, 2005), increase the efficiency of order picking systems (Henn & 

Schmid, 2013; Cheng et al., 2015), and customer demands to be met rapidly (Cheng et al., 2015). 

Also, the capacity of different processes need to be aligned to balance the workload. A balanced 

workload can reduce overtime and idle time (process starvation) and at the same time increase 

employees’ physical health and reduce absenteeism (De Leeuw and Wiers, 2015). Preferably, operations 

managers should aim for a constant workload during the day because it simplifies planning and the 

operation (Kim, 2020). In an earlier work, Missbauer (2009) noted that flow times are mainly determined 

by the waiting time at the work stations and thus the length of the queue. This has led to the concept of 

workload control (WLC) which considers flow times as a variable that can be controlled by order release. 

The more orders are released, the longer waiting times and flow times will be. Correct information about 

flow times can only be maintained if work is balanced such that the work in process (WIP) is kept at a 

pre-defined level. Order release or batch release becomes a critical decision function and a fundamental 

element of WLC. The order release function has two tasks, release the right amount of work to keep the 

WIP at the pre-defined level and release the right number of batches to meet due dates. 

Moreover, Lam et al. (2015) looked into operations planning in warehouse operations and examined an 

operations planning system which mitigates risks in order fulfilment. They have developed a framework 

that provides a decision support function by considering the needs of LSPs. In their work they mention 

that warehouse performance is not only a measure of efficiency but also the achievement of customer 

satisfaction and maintaining a long-term relationship by providing customized services. Therefore, the 
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focus should be at offering effective knowledge support and guidelines for order fulfilment as to provide 

insights into how a warehousing company can cope with various customers to increase competitiveness. 

To control the workload, the right activities need to be performed at the right time. Unnecessary idle 

time can be prevented when the batch release is balanced according to the current capacity. Van den 

Berg (2007) emphasizes that right processes should be completed just in time. Otherwise the following 

effects could occur; long waiting times due to workload imbalances, idle time due to workload 

imbalances, late completion of priority tasks because of non-priority tasks are performed first, and poor 

space utilization due to the long waiting times. Prioritizing tasks and postpone some to a later moment 

would result in a more balanced workload and use of capacity.  

Pang and Muyldermans (2013) analyzed the concept of postponement in combination with routing 

decision and revealed the travel distance can be reduced when the routing decision is postponed. This 

result could hold in an e-fulfilment business where postponing the batch release decision could result in 

a reduced travel distance. Later, Leung et al. (2016) use the knowledge of postponement and incorporate 

it in the e-commerce sector. They design a new strategy called Warehouse Postponement Strategy 

(WPS) which is a process-oriented management strategy proposing to delay the order fulfilment process 

until the last possible moment. This makes it possible for LSP’s to streamline their complex process 

along the supply chain. Implementing this strategy improves the efficiency and the handling capabilities 

of LSPs and gives them extra flexibility and agility in today’s complex e-commerce environment and 

finally, gain a competitive advantage. A few years later, Leung et al. (2018) embedded the concept of 

warehouse postponement into a new cloud-based order fulfilment pre-processing system (CEPS) which 

showed promising results in terms of order processing time and travel distance reduction.  

 

2.2 – Research gaps 

Literature is mainly focused on optimizing order picking as the picking process is the most labor-

intensive process within warehouse operations. However, consecutive processes are not included and 

integral solutions which incorporate multiple consecutive processes are still lacking. Academics 

underline the importance of analyzing not solely an individual part of a process. It is important to include 

related processes upfront and afterwards to optimize the whole chain of activities, balance the workload 

and reduce idle time (process starvation).  

Furthermore, warehousing can be another focus point in the future. Most of the research is related to 

supply chains and do not examine the processes inside a warehouse. The lack of this kind of information 

makes it difficult for companies to improve. Ingram Micro can use this knowledge to further improve 

their processes and become more competitive and advanced. Additionally, the changing conditions in 

retail and the ongoing grow of e-commerce change the sector and requires attention for novel insights. 
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A substantial part of the goods sold in the future will be bought from the internet. Therefore, 

investigating this relatively new evolution might be interesting to become future proof.  

Also, the short delivery times, i.e. same day or next day deliveries, in e-commerce are a new subject and 

is unexplored. These short delivery times add a new dimension to the warehousing activities and 

information regarding this subject would therefore be a valuable addition to the literature.  

Lastly, case studies can help closing the available gaps. Solutions based on real life situations are very 

valuable and case studies can act as the connecting factor between the literature and practice. For 

example, most literature related to batch picking analyzes situations with a single floor and block. 

However, in practice most warehouses have multiple floors and blocks which result in a discrepancy 

between practice and literature. 

In conclusion, researchers could focus on the development of an integral solution which includes 

multiple consecutive operations, i.e. picking, sorting, and packing. Case studies may help in design a 

solution which includes the dynamics of warehousing and e-fulfilment companies and balance the 

workload and reduce idle time.  

 

3 – Detailed analysis 

In this chapter, a detailed description of the current situation at Ingram Micro is given. The information 

is acquired by a field study, unstructured interviews, and data analysis. In Section 3.1 a brief explanation 

of the warehouse and its layout is given. Subsequently, the order fulfilment process is explained in 

Section 3.2. The process environment in discussed in Section 3.3. The capacity of the processes under 

review are covered in Section 3.4, and Section 3.5 covers the order arrival pattern for Ingram Micro. 

The current picking efficiency is reviewed in Section 3.6 and the different processing times are discussed 

in Section 3.7. Lastly, in Section 3.8 a summary of the current observations is given which provide an 

answer on RQ1, RQ2, and RQ3. 

 

3.1 – The warehouse 

Ingram Micro’s warehouse at the Veerweg is divided in several halls and floors. A graphical 

representation of the warehouse is given in Figure 4. The scope of this thesis does not include all halls 

because the processes carried out in these halls are out of scope. Ingram Micro will stop in the coming 

months with these processes. Therefore, the halls included in the scope are highlighted in blue.  
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Figure 4: Overview of Ingram Micro's warehouse layout from above 

Most of the shelves are in the catwalks and each catwalk is divided by multiple floors. Elevators and 

stairs make it possible to switch floors and wall passages create the opportunity to switch between the 

different halls. A graphical representation of the floors is given in Figure 5. 
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Each of the catwalks has five floors, e.g. floor 0 to floor 4, and consists of a large number of parallel 

aisles. However, in the past months more space has become available due to the commissioning of hall 

2 and resulted in the closure of the fourth floor in all halls. This hall was initially used for another 

company, but they have gone to another warehouse. The available space is now used for bol.com’s items 

and resulted in the redundancy of the fourth floor. Therefore, only the first four floors are operational. 

However, if bol.com continues to grow and needs the fourth floor to store items, it can be reopened. 

Floor 2 is an often-used floor for stock keeping as it is on the same level as the mezzanines where some 

of the outbound lines are located. In addition to the catwalks with storage racks, there are different areas 
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arranged for homogeneous pallets (palletracking). These homogenous pallets contain one type of 

product, e.g. vacuum cleaners, air conditioners, or pet food.     

 

3.2 – Order fulfilment process 

Ingram Micro is hired by bol.com to perform all their logistical activities necessary for an e-commerce 

retailer. For this project, the analysis starts with retrieving items for the order fulfilment process. In this 

section the order fulfilment process will be investigated in more detail. Figure 6 gives an overview of 

the order fulfilment processes whereby the first and last are not in the hands of Ingram Micro, i.e. 

bol.com and PostNL. This figure differs from Figure 1 as it only shows the relevant processes for 

customer order fulfilment. The steps inside the framework of Figure 6 are discussed in the next sub 

sections. Furthermore, the processes which are colored blue, are covered in this master thesis.  

 

Figure 6: Overview of Ingram Micro's order fulfilment process 

 

3.2.1 – Order import  

The first process inside the framework of Figure 6 which is carried out by Ingram Micro is the order 

import. Hereby are the orders of bol.com transferred to Ingram Micro’s database. Initially a customer 

order is placed at the website of bol.com but depending on the seller, e.g. bol.com or a partner, the order 

is transferred to Ingram Micro or the concerned partner. Bol.com offers a platform for other retailers to 

sell their items on the website to increase their sales area. If the order is placed before 23:59 and the 

item(s) is (are) on stock, the order will be processed that night if the requested delivery is the next day. 

If delivery should happen on a later moment, the order stays on hold.  

 

3.2.2 – Hold date 

The next step in the process is the check for the order’s hold date. As mentioned shortly in the previous 

section, orders can have different hold dates. Customers can choose when they want to have the ordered 

items delivered and therefore different hold date are possible. Each day, a distinction is made between 

must go orders, may go orders, and may not go orders. Below the description of these kind is given.  

o Must go orders: orders which have a hold date less than or equal to today. 

o May go orders: orders which have a hold date later than today and may be released in case of 

spare capacity. 
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o May not go orders: orders which have a hold date later than today but cannot be released 

before the hold date due to restrictions, for example with releases. 

 

3.2.3 – Batching 

After the hold date is checked, the orders with a hold date before or equal to today are put in the order 

basket of today. The daily order basket gives an overview of the must-go orders with corresponding 

number of items per outbound line. This basket is dynamic because of the arrival and the processing of 

orders during the day. Before the cut-off of 02:00 AM, all items with a must-go status must be processed 

and ready for expedition. This section further explains the current release methodology of batches. 

In theory, the batching process can start from the moment an order is present in the order basket. In the 

end, all the orders with a hold date before or equal to today must be processed before the cut-off time, 

the moment the last trucks of the shipping companies arrive at 02:00 AM. However, due to sorting 

activities, the last packages should leave the packing stations at 01:30 AM. 

Currently, Ingram Micro does not operate with a specific batch release policy. Despite the absence of a 

batch release policy, some instructions are used but operators mainly operate by experience. Ingram 

Micro releases batches based on the number of orders waiting to be consolidated and whether pickers 

are still operational. The batching operator responsible for the release of batches has the freedom to 

release whatever number of batches at any moment in time. However, this operator is not completely 

unbounded in his or her actions. Based on the forecasted items to process, a production plan, i.e. how 

many operators are needed to process the forecasted items and how much need to be processed during 

each hour, is made for every day and per hour. The production plan further indicates how the forecasted 

items are spread over the outbound lines. For example, on a Monday it is expected that x% of the 

forecasted items should be processed at outbound line X, y% at outbound line Y, z% at outbound line Z 

etc. The batching operators should follow these numbers and make sure the operation is able to conduct 

their work without disruptions. Therefore, neither a time- nor a quantity-based release policy or a 

combination of both is followed.  

Based on item distribution across the outbound lines, batching operators have a more specific target per 

outbound line and use this information in their work. An example of how daily production plan looks 

like is displayed in Figure 7. In this figure a distinction is made between the forecasted hourly production 

(blue bars) and the actual production per hour (orange bars). Furthermore, the cumulative forecasted 

production (green line) and cumulative actual production (red line) are also displayed in Figure 7. Based 

on the numbers in the daily production plan they release the batches for the different outbound lines. 

This makes it possible to steer the different outbound lines independently of each other.  
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Figure 7: Example of a daily production plan progress for a random outbound line taken at 13:00 

From this figure it can be observed that the operators have processed more than double the amount they 

were supposed to do between 9:00 and 11:00 whereas between 11:00 and 13:00 the expected production 

was not reached. This change in production numbers is undesired and should be prevented. A pattern 

like this is observed daily.   

Operators can decide how much to release at any moment in time. It occurs on a daily basis that an 

outbound line is ahead of schedule and this results in a temporarily stop of work. As a consequence, 

operators need to be relocated. As said, operators have the freedom to release any number of batches as 

long as all targets have been reached at the end of the shift. As a result, it happens daily that batches are 

released and not immediately picked. These batches stay in a queue waiting to be processed. The analysis 

on the batch waiting time, i.e. time between batch release and available picker, showed that on average, 

a batch stays for 37 and 41 minutes respectively for December 2019 and January 2020 in the queue. The 

distribution of the average batch waiting time is displayed in Figure 8. Orders arrived during this interval 

are not taken into consideration and this leads to a decrease in efficiency. The later a batch is released, 

the more orders have arrived in the meantime and this enables the batching algorithm to create more 

efficient batches. Ultimately, the pick performance will improve (Pang & Muyldermans, 2013). Ingram 

Micro could benefit from this finding, i.e. delay the batch creation decision to increase picking 

efficiency. It is unnecessary to create and release a batch before a picker is available due to the limited 

time it takes to create a batch. Currently it takes about 10 seconds to create a batch. 
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Figure 8: The distribution of batches' waiting time in December 2019 and January 2020 

Furthermore, from interviews it became clear that batching operators do not know the effect of batch 

over-release batches on the operation. They have the feeling that when they have released too few 

batches, pickers come to a halt and cannot do their work properly. However, this does not need to be a 

problem if every time a new batch is ready when a picker finishes its previous batch. In the future, there 

should not be no time between the release of batch and the start of picking. Less batches in combination 

with more efficient batches would probably enhance the operation.   

3.2.4 – Picking 

The next step in the order fulfilment process is picking. After combining orders in batches, the items of 

these orders need to be retrieved from stock. Most of the items can be found in the catwalks. Pickers are 

divided over the warehouse and each of them is assigned to a certain region. In total there are eight pick 

regions. The locations of these regions in the warehouse are displayed in Table 1. Pickers operate on a 

single floor spread over two halls.  

Table 1: Distribution of regions across the warehouse 

Region Location 

Region 1 Floor 0, hall 1 & 4 

Region 2 Floor 0, hall 2 & 5 

Region 3 Floor 1, hall 1 & 4 

Region 4 Floor 1, hall 2 & 5 

Region 5 Floor 2, hall 1 & 4 

Region 6 Floor 2, hall 2 & 5 

Region 7 Floor 3, hall 1 & 4 

Region 8 Floor 3, hall 2 & 5 
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Ingram Micro uses a picker-to-part system, i.e. a picker physically goes along the shelves (de Koster et 

al., 2007). Pickers have the freedom to traverse aisles with shelves in both directions. The aisles are 

relatively narrow, and items are stored in the shelves at both sides of the aisle.  

Each picker is equipped with a hand scanner. With this scanner a picker can start and finish a batch. It 

tells the picker the location, the item, and the number of items to be retrieved at the location. The order 

in which the items appear is fixed and determined by the batching algorithm. However, the picker 

decides which route he or she takes to retrieve all the items. They have no rules to follow with respect 

to their travel route. From observations in the warehouse it can be concluded that pickers travel through 

the warehouse by the S-shape strategy (or traversal strategy). A graphical representation of this logic is 

shown in Figure 9. Currently no guiding software is available that picker tells which route to take. 

 

Figure 9: S-shape routing method with blue dots indicating a location to visit (De Koster et al., 2007) 

In general, batches are created based on location of the items, e.g. hall and floor, to reduce the travel 

distance. Pickers are located at the predetermined region from where they do their picks. In this region 

they can collect items for all outbound lines. However, in 4.9 per cent of the cases it occurs that pickers 

must collect a batch of which the items are located throughout the warehouse, e.g. multiple flours and 

halls. This happens when the picker gets a same day batch, which is a special kind of batch. This batch 

type contains items for special deliveries and need to be processed and ready to ship before 13:00 and 

15:00. Concluding, pickers have a fixed location and can receive all different kind of batches. 

Each hall has multiple elevators with each a connection to every floor. In front of these elevators is a 

special area created where trolleys can be staged. This area can be described as a depot location and 

finished batches are temporarily staged here before they are transported to the dedicated outbound line. 
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3.2.5 – Transportation 

After a batch is completely picked, it is transported from a staging location to the associated packing 

location. The transportation is carried out by operators as Ingram Micro’s warehouse has a low level of 

automation. Outbound lines are divided over the warehouse but mainly located in hall 1 and hall 2. 

Therefore, transportation is needed to bring the picked batches from different places in the warehouse 

to these locations. The transportation time per outbound line is given in Table 2. The weighted average 

transportation time is 14 minutes in December 2019 and 18 minutes in January 2020. The weighted 

average transport time is calculated by taking the share an outbound line has on the total released batches 

and multiply it with the average transport time per line. “Omdoos” batches have no transport time as 

these items immediately receive a shipping label when picked and thus do not go to a packaging area.  

Table 2: Average transportation times for December 2019 and January 2020 

Outbound line Transport time December (min) Transport time January (min) 

POS mono 23.43 20.58 

POS multi 16.20 13.93 

Bookshelf mono 28.60 35.20 

Bookshelf multi 12.78 20.13 

SM 6.05 8.53 

VPM 0.48 0.18 

High value mono 0.10 0.75 

High value multi 0.68 1.13 

Giftcard mono 0.93 0.37 

Giftcard multi 0.93 0.37 

Neopost 9.23 9.33 

Omdoos - - 

Weighted average 13.93 17.70 

 

3.2.6 – Packing  

After collecting the requested items of a batch and the batch is transported to the dedicated packing line, 

the items are ready for packing. Depending on the packing line, a batch is sorted per customer order and 

is subsequently packed or packed immediately. Some lines process only customer orders consisting of 

one item and the others process customer orders consisting of more items. In Table 3, an overview of 

the different packing lines is given with information regarding the number of stations, processing time, 

and type of orders processed at each line. Furthermore, the distribution of items per outbound line is 

given in Table 4. Despite the different type of month, the distribution of items over the outbound lines 

is similar in December and January. This makes it possible to compare the months.  
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Table 3: Specifications of the different outbound packing lines 

Outbound line Stations (max) Productivity 

(items/hour) 

Sec/item Max. output 

(items/hour) 

mono/multi 

POS mono 20 200 18.0 4000 Mono 

POS multi 23 200 18.0 4600 Multi 

Bookshelf mono 16 75 48.0 1200 Mono 

Bookshelf multi 49 120 30.0 5880 Multi 

SM 2 750 4.8 1500 Mono 

VPM 2 500 7.2 1000 Mono 

High value mono 8 220 16.4 1760 Mono 

High value multi 5 220 16.4 1100 Multi 

Giftcard mono 2 600 6.0 1200 Mono 

Giftcard multi 8 220 16.4 1760 Multi 

Neopost 1 250 14.4 250 Mono 

Omdoos 35 35 102.9 1225 Mono 

 

Table 4: Distribution of items per outbound line for December and January 

Outbound line December January 

POS mono 20.23% 23.76% 

POS multi 19.85% 21.49% 

Bookshelf mono 9.40% 10.40% 

Bookshelf multi 20.92% 19.94% 

SM 10.40% 8.86% 

VPM 0.99% 0.57% 

High value mono 1.39% 1.76% 

High value multi 1.42% 1.19% 

Giftcard mono 
7.30% 4.19% 

Giftcard multi 

Neopost 3.19% 1.85% 

Omdoos 4.91% 5.99% 

 

3.2.7 – Sorting per zip code 

The last step in the order fulfilment process is the sorting of packages. All items packed in the previous 

step are sorted per country and zip code. This is done for the shipping companies in order to achieve a 

faster delivery. There are two ways to sort the packages, one is the post sorter and the other is the package 

sorter (manual or automatic). Depending on the size, e.g. it fits in a mailbox, it will be sorted by the post 

sorter, otherwise it will follow the route to the package sorter. This process is constrained by time as 

everything must be sorted before 02:00 AM. After that, the last trucks of the shipping companies arrive 

to take away the remaining packages.  



22 | P a g e  

 

3.3 – Process environment 

Based on the information given in the previous sections, a detailed representation of physical processes 

executed during the order fulfilment process and the structure is given in Figure 10. This figure 

highlights the five main processes, i.e. batching, picking, transport, sorting, and packing.  

Batching

Pick region 1

Pick region 2

Pick region 3

Pick region 4

Pick region 5

Pick region 6

Pick region 7

Pick region 8

Transport

POS mono

M = 20, batchtype = 1

POS multi

M = 23, batchtype = 2

Bookshelf mono

M = 16, batchtype = 3

Bookshelf multi
M = 49, 

batchtype = 4 & 5

Smartmailer

M = 2, batchtype = 6

VPM

M = 2, batchtype = 7

High Value 

mono

M = 8, batchtype = 8

High Value 

multi

M = 5, batchtype = 9

Giftcard mono

M = 2, batchtype = 10

Giftcard multi

M = 8, batchtype = 11

Neopost

M = 1, batchtype = 12

POS sorting

Bookshelf sorting

High Value 

sorting

Giftcard sorting

Expedition

Omdoos
batchtype = 13

WIP

WIP

WIP

WIP

WIP

WIP

WIP

WIP

WIP

WIP

WIP

WIP

WIP

WIP

WIP

WIP

WIP

WIP

WIP

WIP

Batches wait on average 

37 –  1 minutes here

 

Figure 10: Graphical representation of the order of activities 

In short, batching operators release batches towards the pick regions. These batches wait on average 37 

to 41 minutes in the queue before a picker is available and can process the batch. Subsequently, when 

the batch is completely picked, it goes on transport to the dedicated outbound line. Each pick region 

processes batches for all outbound lines. Afterwards the batch is sorted or arrives at the queue for 

packing All queues are processed via a first come, first served (FCFS) policy unless the batch has batch 

type 5. This batch type contains same-day delivery items and has priority over the others because of its 

earlier cut-off time. A description of the different batch types is given in Appendix A. For each outbound 

line is indicated how much workstations are available (𝑚) and which batch type can be processed.  
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3.4 – Process capacity 

After identifying and analyzing the individual processes steps, the following subject to take a closer look 

at is the capacity of the processes under review. The maximum capacity of a process indicates the 

boundaries and within these boundaries, operations should be performed. The capacity of the three 

processes under review, i.e. batching, picking, and packing, is needed to model the process and to find 

the most suitable solution. In the remaining of this section the capacity of the mentioned processes is 

analyzed.  

 

3.4.1 – Batching 

Batching is the first process under review and the initiator of the subsequent processes. The capacity of 

this process can be described as infinite. Batching operators have the possibility to release as many 

batches as there are items in the order basket. Therefore, the batching process has an infinite capacity 

and is not bounded by a capacity constraint. It can release an infinitive number of batches at a random 

moment in time as long as there are items left in the order basket. Without customer orders no batches 

can be released.  

 

3.4.2 – Picking   

The capacity of picking depends on the number of operators scheduled for picking activities. An 

advantage of picking is the flexibility with respect to its capacity. The picking capacity can be easily 

scaled up by increasing the number of pickers scheduled. The time an operator is occupied with 

collecting the items in batch is dependent on multiple factors, e.g. the number of items in a batch, the 

size of the items, the location of the items, and the travel distance between the items. Currently an 

average productivity is used for calculations. From a budget perfective, pickers have to pick at least 54 

items per hour in off-peak months and 60 items per hour in peak months (December). From historical 

data it can be observed that these numbers are attainable, and pickers meet these targets. However, there 

is still room for improvements which would result in a higher number of items per hour.  

 

3.4.3 – Packing  

The process after picking is packing. Based on the kind of order, e.g. mono or multi, products are first 

sorted and subsequently packed or immediately packed. Multiple lines are spread over the warehouse, 

each with a different hourly output per operator. Depending on the number of stations occupied, the 

maximum output can be calculated. Each outbound line has an expected output which is feasible for 

operators when only a small number of disruptions occur. An overview of the different outbound lines 

with all the corresponding information is displayed in Table 3. The moment all stations are occupied, a 
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maximum output of 25.475 items per hour can be reached. In practice, it almost never occurs that all 

stations are occupied, and this maximum output is reached. Simply not enough customer orders are 

present to reach the maximum output when working during the whole day.  

 

3.5 – Order arrival pattern 

Thousands of customers buy every day all kind of products at bol.com and the orders containing these 

products are forwarded to the right warehouse. Not all orders are processed at the Veerweg as bol.com 

use multiple warehouses. Therefore, the order arrival pattern of the Veerweg could and probably will be 

different compared to the other warehouses. Due to the focus on the Veerweg, the order arrival pattern 

of the other locations will not be examined. The operation carried out by Ingram Micro is largely 

dependent and based on the prediction of the number of items to be sold in combination with the order 

arrival pattern. This section investigates the order arrival pattern in more detail.  

Operators are needed to process all the incoming orders during the day and night and make sure the 

ordered items will be delivered the next day. The number of operators required to process incoming 

orders is based on the forecasted number of items to be sold. Due to the next day delivery restriction it 

is not possible to do the whole production during the day and therefore a night shift is needed. To keep 

the night shift operational, the day shift needs to take this into account and cannot process everything 

that is available.  

Furthermore, the order arrival pattern is relevant for the processing of orders in the most optimal manner. 

Having reliable information about what is coming can help in streamlining the order fulfilment process. 

If the expectation is that the number of incoming orders, i.e. order basket, will increase soon, it can be 

a choice to only release the required batches to keep operators occupied. This provides opportunities to 

release batches from a larger order basket. In this situation, the batching algorithm has a larger basket 

to choose from and can combine products which are more closely to each other.  

Based on the data of December (peak month) and January (off-peak month), the average order arrival 

pattern per weekday can be constructed. These patterns for respectively December and January are 

displayed in Figure 11 and Figure 12.  
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Figure 11: Average order intake pattern per weekday in December 

 

Figure 12: Average order intake pattern per weekday in January 

 

Over the week some differences are observed. For example, the intake percentage during the day is 

higher in the weekend compared to the other days. On the other hand, the intake percentage in the 

evening is higher on weekdays compared to weekend days. These two observations can be explained by 

the fact that customers generally work during the day and start shopping after diner. Furthermore, people 

have more free time during the weekend and thus fewer reasons to postpone their purchases until after 

dinner.  
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3.6 – Picking efficiency 

In this section the current picking efficiency is reviewed to examine how efficient pickers currently 

work. This is important to clarify because the effect of the newly developed concept, which will be 

introduced in Section 4.2.2, depends on the current picking efficiency. As seen in previous section, the 

order arrival pattern during the day differs per hour and results in a lower intake during the day than in 

the evening. This influences the size of the order basket and the items to choose from for the batching 

algorithm. Releasing batches too frequently may result in sub-optimal batches and thus decreases the 

picking efficiency. On the other hand, releasing too few batches might result in the starvation of the 

picking process and subsequently, starvation of the packing process. In the scenario that batching 

operators create and release for example thrice the number of batches a picker can process in the time 

between two releases, the batch queue will grow, the batch waiting time increase, and the batching 

algorithm has less to choose from. The picking process does not benefit from batch over-releasing as it 

is more likely to suffer from it. It is expected that in the evening as the order intake is high (Figure 11 

and Figure 12), more than enough items are ordered to create efficient batches from. However, the order 

intake during the morning is less and the batching behavior is less efficient. Therefore, especially in the 

morning efficiency increases could be achieved.  

The picking efficiency is analyzed with historical data of December 2019 and January 2020. From both 

months, two samples of different periods are taken. The first sample contains data of batches released 

between 09:00 and 12:00 and the other sample contains the data of batches released between 18:00 and 

21:00. These two intervals are chosen because of the different order intake pattern during the morning 

and the evening. To measure the picking efficiency the following hypothesis is constructed. 

H1: The batch picking time is longer in the morning than in the evening. 

A multivariate OLS regression analysis is carried out to predict the batch picking time for all four 

samples by using the number of locations to visit or batch size (β) and the total distance to travel as 

independent variables (γ). The variables number of locations to visit and batch size are not together used 

in the same regression model as there is a strong correlation between the variables (Appendix C). A 

concrete elaboration of the used method in combination with used variables is given in Appendix B.  
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Table 5: Expected batch picking time in December 2019 and January 2020  

 December morning December evening January morning January evening 

α 3.195 3.329 3.012 3.533 

β 0.353 0.344 0.321 0.251 

γ 0.011 0.011 0.010 0.012 

adjusted R² 0.782 0.820 0.732 0.838 

p-value 0.000 0.000 0.000 0.000 

VIF 1.205 1.334 1.124 1.316 

Expected batch 

picking time* 
25.877 25.669 23.577 21.837 

Difference 0.804% 7.381% 
Whereby α is the intercept, β is the coefficient for size or locations, and γ is the coefficient for the distance.                

*locations = 45 and distance = 600 

The results of the regressions are displayed in Table 5 whereby in the bottom part of the table the 

expected batch picking time is displayed based on the regression coefficients and the input parameters. 

When comparing the expected batch picking times, a difference between the morning and evening is 

observed. In January, a large difference, i.e. 7.3%, between the two moments, i.e. morning (09:00-12:00) 

and evening (18:00-21:00), is observed compared to the minor difference in December, i.e. 0.8%. Due 

to the higher volume in December (peak month), it is assumed that all batches have the same efficiency 

level. The lower volume in January in combination with the current batch release policy result in the 

release of more inefficient batches during the day than in the evening. Therefore, the results support 

Hypothesis 1 and indicate opportunities for improvements, especially in off-peak periods where demand 

is lower, a higher efficiency gain can be achieved. For the batch efficiency it should not matter when 

the batch is released (morning or evening).   

 

3.7 – Processing times 

To create a working simulation, processing times of the different steps are required. In this section the 

estimation of the processing times of picking, transport, sorting, and packing are discussed. All 

processing times are based on the historical data of December 2019 and January 2020.  

 

3.7.1 – Picking time estimation 

During this research the picking time can be described as the time between the moment a batch is loaded 

on the scanner of a picker and the batch is staged for transport. In between, all handlings necessary to 

collect the items of the batch are executed. After finishing a batch and having staged it, a picker can 

immediately continue with the next batch as empty trolleys are stored next to the staging locations. As 

said in the beginning, the analysis is conducted for December 2019 and January 2020 and both months 

are analyzed separately. The first and last 0.5% of the observations (sorted on picking time) are removed 

from the dataset to have a more reliable estimation.  
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The analysis is conducted for each individual outbound line to provide better estimations as all outbound 

lines process different kind of items. Thus, each outbound line has different coefficients to estimate the 

batch picking time. The variables size (number of items to pick), locations (number of locations to visit) 

and distance (traveled distance during picking) are used to estimate the batch picking time. The 

elaboration of the used method is given in Appendix B. Size is a straight-forward variable as the more 

items must be picked, the longer the picker is occupied. However, when multiple items can be retrieved 

from the same location, the batch can be finished earlier as less handlings have to be performed. Imagine 

that a batch consists out of 10 items and each item is stored at a different location. Retrieving these items 

will take more time compared to the situation where the same number of items must be retrieved but 

only 5 locations must be visited. In the latter situation, less distance should be traveled as well as less 

search and grab activities must be performed. And as shortly mentioned, distance is the third 

independent variable included in the regression. Assuming that every picker travels with the same speed, 

the more distance to covered, the longer it takes to finish the batch.  

However, due to the high correlation between the size and locations, only one of them is included in the 

regression. The correlation matrixes can be found in Table 22 and Table 23, Appendix C. Depending on 

regression results, the variable that led to better results, i.e. higher adjusted R² and significance, is 

included in the regression as independent variable in combination with the variable distance. The 

regression results per outbound line are displayed Table 24 to Table 43, Appendix D and include all the 

relevant measures. Furthermore, due to heteroscedasticity are the robust standard errors used. Also, it 

seemed that these variables are good estimators as all the models have significant estimators, the 

adjusted R² ranges between 0.52 and 0.91, and all multivariate OLS models are highly significant.   

 

3.7.2 – Transportation time estimation 

After a batch is completely picked, it will be transported to the dedicated outbound line. The time a 

batch is in transit, depends on the outbound line. Based on the produced batches in December and 

January, an average estimation per outbound line is made. The measured time is from the moment a 

batch is staged for transport and the moment the batch has arrived at the staging location for the outbound 

line. The estimated transporting times are already displayed in Table 2, Section 3.2.5 and these values 

are used as estimate for the transport time.  

 

3.7.3 – Sorting time estimation 

The third process in the chain of activities is sorting and this process is only carried out for four out of 

thirteen batch types that contain multi orders. Per order the items are sorted by an operator to make the 

work of the pack operator much easier. Due to the absence of historical sorting data, e.g. the data is 
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simply not stored, only the expected productivity can be used. Historical results show that the expected 

productivity match the reality. The productivity per hour can be converted to the sorting time per item 

to produce an estimation of the sorting time per item. 

For both December and January, the same productivities are applied for a sorting operator. In practice 

both months have the same productivity. However, per outbound line there is difference in sorting speed. 

In Table 6, the outbound lines requiring sorting are displayed with their corresponding productivities 

and the estimated time per item (min). 

Table 6: Sorting time estimation (time per item) 

Outbound line Productivity (items/hour) Time/item (min) 

POS multi 690 0.0870 

Bookshelf multi 160 0.375 

High Value multi 290 0.207 

Giftcard multi 290 0.207 

 

3.7.4 – Packing time estimation 

The last subject to discuss is the packing time estimation. Per order, the items are put in a box and a 

shipping label is affixed to it. The time it takes to prepare the box for shipping depends on the number 

of items in an order. Again, due to the absence of historical sorting data, only the budgeted productivity 

of these packing operators can be used. The budgeted productivity matches with reality. In Table 7, the 

outbound lines are displayed with their corresponding ratios and the estimated time per item (min).   

Table 7: Packing time estimation (time per item) 

Outbound line Ratio (items/hour) Time/item (min) 

POS mono 200 0.30 

POS multi 200 0.30 

Bookshelf mono 75 0.80 

Bookshelf multi 120 0.50 

SM 750 0.08 

VPM 500 0.12 

High value mono 220 0.27 

High value multi 220 0.27 

Giftcard mono 600 0.10 

Giftcard multi 220 0.27 

Neopost 250 0.24 
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3.8 – Detailed analysis conclusion 

The analysis of the current situation has identified several problems in combination with the current 

capacity and processing rates. The main conclusions are summarized below. 

In the current situation Ingram Micro receives inaccurate forecasts for the incoming items where the 

forecast for the outbound production is very accurate. This provides ground for further exploration. 

Despite the accurate forecast, they achieve the targeted fulfilment level in an inefficient way. Labor 

hours are way above the predetermined budget.  

Another observation is related to the batching process. Currently, no guidance is present for batching 

operators. Any number of batches can be released for all outbound lines. The current situation of the 

operation is not considered with the release of a new batch. It is unknown how much work is present at 

the outbound lines and how much is on the way. Moreover, it is unknown how much workload should 

be present at each outbound line to prevent starvation. Currently, batches are released too often and for 

the wrong outbound line as process starvations occurred. As a result, some lines have nothing to process 

where other have too much. Due to the over-release of batches, it is impossible to control the operation 

as it is unknown when a batch will be processed and when it will arrive at the concerned outbound line. 

Related to the over-release of batches is the batch waiting time, i.e. the time between the release of the 

batch and the time a picker start picking the items of that batch. Currently this time is substantial (37 

minutes in December 2019 and 41 minutes in January 2020) which has a negative influence on the 

available items in the order basket and the efficiency with which the batching algorithm can work. A lot 

of unnecessary work is created before it is actually required. 

Another identified problem is the production pattern of an outbound line as shown in Figure 7. The 

actual production does not match the expected production. The operation is not working properly as at 

one moment the production rate is twice as high as expected and another moment the expected 

production rate is not reached.    

Furthermore, the order arrival pattern over the day and over the week differs. During weekdays, the 

order intake between 07:00 and 17:00 is lower than after 17:00. During the weekend, another pattern is 

observed. The order intake is higher during the day than in the evening.   

With respect to the picking efficiency, the analysis shows that there is a difference in efficiency during 

the day. Picking operators are less productive/efficient in the morning than in the evening. In December 

2019, the difference is 1% and the difference in January 2020 is 7%. A delayed batch release in the 

morning should increase the picking efficiency as more items are considered when releasing a batch. 

Lastly, regression analysis showed that the variables locations and distance are good estimators for 

predicting the batch picking time.   
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4 – Conceptual design 

In this chapter the assumptions are formulated first in Section 4.1, the requirements and the KPIs for the 

conceptual design are defined in Section 4.2, and the designed model for analysis is presented in Section 

4.3. The different scenarios used during the simulation are discussed in Section 4.4. Lastly, the 

expectations of the newly proposed method are discussed in Section 4.5.  

 

4.1 – Assumptions 

To put the proposed model into action requires some assumptions. Without assumptions it is difficult to 

create a conceptual design. Therefore, the following assumptions are made: 

1. Batch creation 

The time needed to create and release a batch toward the regions and become available is 

negligible. The IT department confirmed this assumption. They see that the time between batch 

creation and a batch being available for pickers is around 10 seconds. Therefore, this 

assumption is reasonable, and the batch creation time can be considered as negligible. As a 

result, batches can be created and released at the moment a picker has finished its batch without 

having a standstill. 

2. Whole batch fits in a picking cart 

It is assumed that the released batches have considered the capacity of a picking cart. Batches 

contain several items which all fit in a single picking cart. Therefore, a picker does not waste 

time getting a new one. This a realistic assumption as the batch size is based on the capacity of 

the picking cart and therefore the result in the simulation are the same as in practice.  

3. Batch efficiency 

For the conceptual design, it is assumed that postponing the batch release to a later moment 

will increase the efficiency of a batch as items closer to each other are selected. This assumption 

is based on the evidence of Leung et al. (2016), releasing just-in-time (JIT) improves efficiency 

and prevent the occurrence of starvation.  

As mentioned in Section 2.2.3, on average a batch waits between 37 and 41 minutes before it 

gets picked up by a picker. During this timeframe, on an average day, around 4500 items are 

ordered per hour which is plus minus 3000 items during the timeframe. This is a large amount 

and when this information can be incorporated in decision making, efficiency gains can be 

achieved. In Section 3.5, the current picking efficiency is described and revealed that especially 

in the morning shift efficiency gains can be achieved. The exact efficiency gain in practice is 

difficult to know but it is expected to be close to the 1% in peak months and 7% in off-peak 

months. Implementing this idea in practice could show the effect.   
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4. Packing time 

The last assumption for the conceptual design is about the packing time used for increasing the 

workload position (𝑊𝑃𝑗) of outbound line 𝑗. The workload position is the sum of the already 

available work at outbound line 𝑗 and the workload of the already released batches for outbound 

line 𝑗 which are not yet arrived. The workload position is expressed in minutes. To increase the 

𝑊𝑃𝑗, an estimation of the batch packing time is needed. Upfront it is unknown how long it will 

take to pack the items of the batch. For the conceptual design it is assumed that the system can 

estimate the packing time precisely, i.e. each 𝑊𝑃𝑗 truly reflects the time operators will be 

occupied with the batch(es). This is a realistic assumption when the right variables are selected. 

Referring to the picking time estimation, the same can be done for the packing time. Would the 

estimation significantly differ from the actual processing time, the 𝑊𝑃𝑗 is too high or too low, 

i.e. too high when the actual processing time is lower than the estimation and too low when 

actual processing time is higher than the estimation. The result is that batches are released for 

the wrong outbound line.  

 

4.2 – Requirements and key performance indicators 

In order to successfully create a design and evaluate the performance of the designed model, the 

requirements and KPIs need to be defined. The following KPIs are defined based on the research 

question; the percentage of batches that are not completely processed before its cut-off time, i.e. tardy 

batches, the average time per pick, the average batch waiting time, and the variance of outbound lines’ 

utilization during a shift. 

In relation to the main research question of this project, the KPI defined for fulfilment is the percentage 

of batches that are not completely processed before its cut-off time, i.e. tardy batches. The percentage 

tardy batches is defined as follows: 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑡𝑎𝑟𝑑𝑦 𝑏𝑎𝑡𝑐ℎ𝑒𝑠 =
# 𝑡𝑎𝑟𝑑𝑦 𝑏𝑎𝑡𝑐ℎ𝑒𝑠

# 𝑡𝑜𝑡𝑎𝑙 𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑒𝑑 𝑏𝑎𝑡𝑐ℎ𝑒𝑠
∗ 100                       (1) 

The objective of Ingram Micro is to fulfil all customer orders that are due on a specific day before their 

cut-off in the least expensive manner. Thus, the time devoted to picking, packing, and sorting should be 

minimized. Ingram Micro is obligated to fulfil at least 99.5% of all orders before their cut-off. A 

maximum of 0.5% of the batches may miss their cut-off time. Depending on the kind of batch, the cut-

off times are respectively 13:00 (same day 1), 15:00 (same day 2), or 01:30 (remainder). 

Besides fulfilment, the newly developed model also affects the picking efficiency. To measure the 

efficiency change, the two defined KPIs are the average time per pick and the average batch waiting 
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time. The average time per pick and the average batch waiting time are defined as follow (𝑖 refers to a 

batch: 

𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑡𝑖𝑚𝑒 𝑝𝑒𝑟 𝑝𝑖𝑐𝑘 =
1

𝑛
∑

𝑃𝑖𝑐𝑘𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑖

#𝑖𝑡𝑒𝑚𝑠𝑖

∞
𝑖=1                                           (2) 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑏𝑎𝑡𝑐ℎ 𝑤𝑎𝑖𝑡𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 =  
1

𝑛
∑ 𝐵𝑎𝑡𝑐ℎ𝑊𝑎𝑖𝑡𝑖𝑛𝑔𝑡𝑖𝑚𝑒𝑖

∞
𝑖=1                            (3) 

Whereby the BatchWaitingTime is defined as 

𝐵𝑎𝑡𝑐ℎ𝑊𝑎𝑖𝑡𝑖𝑛𝑔𝑡𝑖𝑚𝑒𝑖 = 𝑆𝑡𝑎𝑟𝑡𝑃𝑖𝑐𝑘𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑖 − 𝐴𝑟𝑟𝑖𝑣𝑎𝑙𝑇𝑖𝑚𝑒𝐵𝑎𝑡𝑐ℎ𝑄𝑢𝑒𝑢𝑒𝑖               (4) 

It would be beneficial when the time per pick decreases and the picking process can operate with a 

higher processing rate. With the help of a new batch release policy, the total time needed to pick all 

items should decrease. Moreover, when the time per pick decreases, less operators are required to do the 

same work. The average time needed per pick and the average batch waiting time are used to assess the 

pick performance and efficiency gains. Averages are used too because each batch does not have the 

same number of locations to visit and a different distance to travel.  

The last aspect is the starvation of outbound lines and how the workload is balance among the lines. It 

occurred that the workload was unbalanced. This is negative in two ways; operators are idle and batches 

are less efficient. The change in starvation is measured by the KPI the variance of outbound lines’ 

utilization during a shift. The batch release policy should make sure that the capacity of the outbound 

lines is used properly, and workload is evenly distributed over the outbound lines. The variance of 

outbound lines is used as a measure because all outbound lines should work at the nominal speed as it 

increases employees’ physical health and reduce absenteeism (De Leeuw and Wiers, 2015). To have a 

balanced operation, each outbound line should have roughly the same utilization per hour and shift.  

 

4.3 – Design formulation 

In this section, the design of the conceptual model is explained. The proposed model incorporates a 

different batch release policy for Ingram Micro to increase efficiency and minimize starvation by 

creating a more balanced workload. When releasing a batch to a picker the model mainly decides on the 

following three metrics: 𝐴𝑐𝑡𝑖𝑣𝑒, 𝑈𝑛𝑑𝑒𝑟𝑠ℎ𝑜𝑜𝑡 and 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒. Each of these metrics is explained in 

the following sub-sections.  

4.3.2 – Active  

The first metric is Active and assesses whether outbound lines are operational. The distribution of items 

among the outbound lines is different. Some lines have not enough work to be operational during two 

shifts and are therefore only active during the second shift. This metric is used to prevent that inactive 
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outbound are prioritized over the active lines. It is not necessary to release batches for these inactive 

lines as it increase the probability of active outbound lines having an undershoot.  

An outbound line receives the active sign when it is operational in the next hour, i.e. operators are 

scheduled. If no operators are scheduled in the next hour the outbound line receives the inactive sign. A 

margin of one hour is used have workload available when the packers arrive. This metric makes it 

possible to control the workload and to focus solely on the active outbound lines. Moreover, postponing 

the batch release for inactive outbound lines makes it possible to release more efficient batches in terms 

of travel distance and picking time.  

 

4.3.2 – Undershoot 

The second metric is Undershoot and assesses whether outbound lines have a workload position lower 

than the target workload level. Outbound lines with a workload position lower than the target workload 

level require immediate allocation of batches. It is crucial to keep enough work available at the outbound 

lines to prevent idle time and thus starvation. Idle time of operators is costly and needs to be avoided. 

This metric is used to prioritize batches based on the current workload position and the expected lead 

time of a batch. Whether or not outbound line 𝑗 experiences an undershoot can be determined as follows: 

𝑖𝑓 {
𝑊𝑜𝑟𝑘𝑙𝑜𝑎𝑑𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑗 < 𝑇𝑎𝑟𝑔𝑒𝑡𝑊𝑜𝑟𝑘𝑙𝑜𝑎𝑑𝐿𝑒𝑣𝑒𝑙𝑗,       𝑢𝑛𝑑𝑒𝑟𝑠ℎ𝑜𝑜𝑡

𝑊𝑜𝑟𝑘𝑙𝑜𝑎𝑑𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑗 > 𝑇𝑎𝑟𝑔𝑒𝑡𝑊𝑜𝑟𝑘𝑙𝑜𝑎𝑑𝐿𝑒𝑣𝑒𝑙𝑗, 𝑛𝑜 𝑢𝑛𝑑𝑒𝑟𝑠ℎ𝑜𝑜𝑡  
                      (5) 

The workload position of outbound line 𝑗 is the sum of the expected packing time of all the released 

batches for the outbound line and is divided by the number of active workstations (𝑚). The workload 

position in combination with the target workload level is included to cope with uncertainty in processing 

times and lead time. When an outbound line experiences an undershoot, the batches for that line are 

prioritized as it is likely that starvation may occur. More on the value of the configurable target workload 

level is discussed when turning to the detailed design.  

 

4.3.3 – Difference 

The last metric is Difference and is about the difference between the target workload level and the actual 

workload position. Would the workload position of outbound line 𝑗 be lower than the target workload 

level of outbound line 𝑗, than there is a negative difference and thus an undershoot. Would this not be 

the case and the workload position is higher than the target workload level, than there is a positive 

difference and no undershoot. The difference is calculated as follows: 

𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑗 =  𝑇𝑎𝑟𝑔𝑒𝑡𝑊𝑜𝑟𝑘𝑙𝑜𝑎𝑑𝐿𝑒𝑣𝑒𝑙𝑗 − 𝑊𝑜𝑟𝑘𝑙𝑜𝑎𝑑𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑗                   (6) 
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4.3.4 – Design 

This sub-section formulates the design in which is determined for which outbound line a batch is 

released. The design evaluates mainly on the metrics 𝐴𝑐𝑡𝑖𝑣𝑒, 𝑈𝑛𝑑𝑒𝑟𝑠ℎ𝑜𝑜𝑡, and 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑗. The 

following procedure summarizes how the design prioritizes batches when requested by an operator. The 

model is graphically presented in Figure 13. A remark needs to be made regarding the considered batches 

when choosing. At first all unscheduled batches are considered but depending on the metrics, different 

subsets may be considered.  

When a batch is requested at time t, evaluate the following steps: 

1. Are there time constrained batches available, i.e. batch type 5 and 13? If yes, go to step 2. Else, 

go to step 5. 

2. Does an outbound line have an undershoot? If yes, go to step 3. Else, go to step 4. 

3. Is the largest difference a unique value? If yes, release it. Else, release the largest time 

constrained batch for the outbound line with largest difference. 

4. Is the smallest difference a unique value? If yes, release it. Else, release the smallest time 

constrained batch for the outbound line with smallest difference.  

5. Are there batches available for active outbound lines? If yes, go to step 6. Else, go to step 9. 

6. Does an outbound line have an undershoot? If yes, go to step 7. Else, go to step 8. 

7. Is the largest difference a unique value? If yes, release it. Else, release the largest batch for the 

active outbound line with the largest difference. 

8. Is the smallest difference a unique value? If yes, release it. Else, release the smallest batch for 

the active outbound line with the smallest difference. 

9. Is the largest difference a unique value? If yes, release it. Else, release the smallest batch for an 

inactive outbound line with the largest difference.  

10. Terminate 

 

Step 1 until 4 assess whether time constrained batches are available. These batch types have priority 

over the other batch types. When multiple time constrained batches are available the next evaluation 

metrics are 𝑈𝑛𝑑𝑒𝑟𝑠ℎ𝑜𝑜𝑡 and 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑗. When indifferent in 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑗, the largest batch is 

chosen when an outbound line experiences an undershoot where the smallest batch is chosen when no 

undershoot is present. The smallest batch is chosen in case of no undershoot because the additional 

workload is not necessarily needed and a request for a new batch is made sooner.   

Are no time constrained batches available, the design turns to workload balancing by assessing first the 

active outbound lines in step 5 until 8. When multiple batches for active outbound lines are available, 

first the outbound lines with an undershoot are filtered. These lines need workload to prevent starvation. 

However, when multiple outbound lines experience an undershoot, the outbound line with the largest 
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𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑗 is filtered. When indifferent in 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑗, the largest batch is chosen for the active 

outbound line with the largest 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑗 is chosen. Would it be the case that all active outbound line 

experience no undershoot, the available batches are filtered on the outbound line with the smallest 

𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑗. Subsequently, the smallest batch is chosen when indifferent in 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑗. As there is 

no need for additional workload, picking the smallest batch keeps the picker the shortest time occupied 

and thus a request for a new batch is made sooner. In the meantime, another outbound line might 

experience a undershoot.  

The last step of the evaluation is evaluated when only batches for inactive outbound lines are available. 

These outbound lines have the lowest priority as the that line is not operational at the moment of 

evaluation. Therefore, the only the 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑗 is evaluated. Initially the batch for the outbound line 

with the largest 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑗 is released. Would there be multiple batches indifferent in the largest 

𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑗, the batch with the smallest size is chosen. The smallest size is chosen to keep pickers the 

least amount of time occupied with not necessarily needed batches but prevent idle time at picking.  

In summary, the design first evaluates whether there are time constrained batches as they have a cut-off 

time earlier than the others and must be prioritized. Afterwards, the available batches are filtered for 

active outbound lines. These lines must receive workload because idle time will occur otherwise. 

Batches are selected based on the difference between the workload position of an outbound and its target 

workload level to ensure the workload is balanced among the outbound lines as much as possible.  
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Figure 13: Graphical representation of conceptual design 

 

4.4 – Scenario analysis 

In this section the scenario analysis is explained, and which scenarios will be evaluated during the 

simulation. In Table 8, the different scenarios that will be analyzed during the simulation are defined. 

The current situation serves as a benchmark to the other scenarios. For the batch release policy, the 

current policy is evaluated against the newly designed MWBP. Associated with the new batch release 

policy is the assumption of an increase in picking efficiency. Data analysis revealed that during the 

morning shift picking takes longer with the same parameter than during the evening shift. In December 

there was a difference of 1% whereas the difference was 7% in January. Therefore, these potential 

efficiency gains are included in the model and result in a decreased picking time during the first shift. 
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Lastly, different processing times, i.e. historical batch data and estimated picking time, are used during 

the simulation to examine its influence on the KPIs.  

Scenario 6 and 7 are included to examine how sensitive the results are with different efficiency gains 

than found during the picking efficiency analysis.  

Table 8: Definition of scenarios 

Scenario Batch release 

policy 

Picking efficiency 

gain Dec (%) 

Picking efficiency 

gain Jan (%) 

Processing time 

Current Current 0% 0% Historical data 

1. MWBP  0% 0% Historical data 

2. MWBP 1% 7% Historical data 

3. Current 0% 0% Estimation 

4. MWBP 0% 0% Estimation 

5. MWBP 1% 7% Estimation 

6. MWBP 7% 1% Historical data 

7. MWBP 7% 1% Estimation 

 

4.5 – Expectations 

Each newly developed method comes with expectations and these expectations are discussed in this 

section. Based on the expectations, different hypotheses are constructed and these hypotheses are in line 

with the earlier defined requirements and KPIs in Section 4.2. Hypotheses are needed to evaluate the 

expectations, and to examine the difference in performance between the current and the proposed policy. 

In the end, this research project aims at positively influencing the requirements and KPIs. The evaluation 

of the hypotheses will follow in Chapter 6, the results of the analysis are discussed in this chapter.   

The first expectation is about the average picking time per item. As mentioned before, it is assumed that 

the picking time will decrease when the decision to release a batch is delayed and only the necessary 

work is released. Resulting in the availability of more information, especially in periods of lower 

demand (off-peak months and morning shifts). This information can be used to combine items closer to 

each other or to include more of the same item in a batch to decrease the number of handlings to execute 

and decrease the travel distance. This should result in a lower average picking time per item and as a 

result, increase the capacity and decrease the number of operators needed for the same amount of work. 

Both have a positive effect on the company’s KPIs and budget. The following hypothesis is formulated 

for this expectation. 

H2: The average picking time per item decreases when implementing the new MWBP. 
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The next expectation is closely related to the previous expectation and the reasoning behind this 

expectation. As data analysis showed, batches wait on average between the 37 and 41 minutes (from the 

moment of releasing and until a picker starts processing that batch) (see Figure 8). Most of the batches 

are not needed at the moment of release. By delaying the release, batches should become more efficient 

as more information is available. However, delaying the release has more benefits. Batching operators 

can better track the progress of the operation and when required, steer the operation in the right direction. 

The number of batches in the system is lower and therefore make it easier to respond to an impending 

starvation. Furthermore, the workload at different outbound lines can be better managed. Currently, it is 

unknown how the already released batches relate to the current workload and the future workload. An 

overreaction is easily made as it takes time to observe the effect of a decision made earlier. Therefore, 

with the implementation of the new batch release method, the time a batch must wait in the queue should 

be zero. The following hypothesis formulates this expectation. 

H3: The average batch waiting time decreases to zero after implementing the MWBP. 

The last expectation is the result of the fourth formulated KPI, the variance of outbound lines’ utilization 

during a shift. The goal is to create a batch release policy which considers the current workload before 

it makes a decision. Spreading the workload over the outbound lines and determining the line with the 

highest probability of starvation helps to prevent the occurrence of starvation. By initially releasing a 

batch for outbound line 𝑗 which has a 𝑊𝑃𝑗 lower than 𝑊𝐿𝑗, it could be prevented that they cannot do 

their work. In the situation where all 𝑊𝑃𝑗 are higher than the 𝑊𝐿𝑗, a batch is released for the line with 

the smallest distance (measured in time units) between 𝑊𝑃𝑗 and 𝑊𝐿𝑗. This line has the highest 

probability to have a 𝑊𝑃 lower than the reorder level and first run out of work. Spreading the workload 

evenly over the outbound lines and over the day might have a positive effect on the work pace of 

operators. They can continue working at the same pace without worrying about a queue that becomes 

too longer or that they have to slow down because there is limited work left. Changes in work pace is 

not beneficial for the operation as it makes it more complicated to assess the current state. Therefore, 

the company benefits from a balanced operation and evenly distributed workload. The proposed policy 

assists in creating a stable operation and should therefore show less variance in the utilizations during a 

shift. This expectation is formulated in the following hypothesis.  

H4: The MWBP has a positive effect on the variance of outbound lines’ utilization during a shift. 

Additionally, it is expected that the MWBP has more effect on the utilization variance when less work 

must be processed. The occupation level of the whole warehouse is lower, less pickers are available in 

combination with less packers. Due to the lower number of pickers, the time between a picker receives 

a new batch and another picker finished its batch becomes longer. Therefore, it is more important to 

choose the best batch at that moment to keep all operators occupied. This expectation is formulated in 

the following hypothesis. 
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H5: The effect MWBP has on the outbound lines’ utilization variance is larger during less busy periods.   

 

5 – Detailed design 

As shortly mentioned earlier, for the detailed design a simulation is used to evaluate and compare the 

scenarios defined in Section 4.5. The simulation is written and executed in the open source programming 

software program R. With the help of some packages, especially Simmer, it is possible to create and run 

a Discrete Event Simulation (DES). In this simulation the batches are generated and going through the 

simulation via the predefined chain of processes. A resource, i.e. an operator, in the simulation will 

always finish its task during the simulation and preemption is not allowed. The only exception is that 

batch type 5 gets priority when batches are waiting in a queue. The simulation is carried out for the 

hours the operation is carried out in the warehouse and the working times of the resources are the same 

as in real life. This chapter further describes the assumptions made for the detailed design in Section 5.1 

and the data used is described in Section 5.2. Validation and verification of the calculations is discussed 

in Section 5.3, and the parameter settings during the simulation are discussed in Section 5.4. This chapter 

ends with a conclusion in Section 5.5 where also the answer on the fourth research question is given.   

 

5.1 – Assumptions 

To change the conceptual design towards a detailed design, other assumptions need to be made. For the 

detailed design, the following assumptions are made: 

1. Constant workforce pace 

During this research it is assumed that all pickers are identical and have the same performance. 

All pickers work at the same rate and are able to maintain this rate during the whole shift. This 

assumption is realistic, in practice some difference are observed in picking performance but the 

difference between them is minimal. Therefore, this assumption should not have a large impact 

on the results.    

2. Always finishing work 

All operators finish their work if they are still busy at the end of their shift. However, if there 

is still work to do when the last shift of the day is finished, this work will stay there till the next 

morning. This assumption may lead to overtime for pickers and packer. In practice this 

sometimes also occurs and therefore this assumption does not affect the simulation in a wrong 

direction.  

3. Breaks 

As it is not possible to let pickers have a break in the simulation, the total amount of pickers 

and packers during the shift is adjusted downwards by the percentage of inactivity during the 
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breaks. All shifts have a length of 8.5 hour and during a shift, an operator has multiple breaks 

which together add up to one hour. Therefore, the number of pickers and packers per shift is 

decreased with 12% (Equation 2). 

% 𝑖𝑛𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 =
1 ℎ𝑜𝑢𝑟

8.5 ℎ𝑜𝑢𝑟
∗ 100% = 12%                                     (2) 

In practice, pickers and packers do have breaks and that affects the operation. During the breaks 

operations comes (partly) to a stop which affects the available work in subsequent processes. 

However, assuming a constant work pace without breaks would not significantly affect the 

results. The actual result might even be better as during breaks more orders arrive and increase 

the order basket.   

4. Operators are restricted to one picking region or one outbound line 

Due to the static environment of the simulation, it is assumed that operators are assigned to a 

region (picking operators) or outbound line (packing operators) will stay there the whole shift. 

It is simply not possible to rearrange pickers over the warehouse. This assumption can be seen 

as realistic as every picker has a supervisor which is responsible for a region. To be able to 

oversee the progress of his or her pickers, they should be around. Furthermore, this assumption 

will not affect the simulation differently than in reality.  

5. Each pick region has the same number of pickers available 

It is assumed that the available pickers on a day are evenly distributed over the eight regions. 

Batches are released to the regions in order of releasement so that the workload for each region 

is equal. The probability that the items of a batch are located in a region is equal for each region. 

More information about this is given at point 6.  

6. Distribution of batches over the regions 

It is assumed that the released batches are evenly distributed over the region because the items 

are randomly distributed over the regions. Items are randomly put away over the warehouse to 

decrease the distance between possible picks and being able to create batches with items closer 

to each other. Therefore, the probability a batch is released to a region is equal for each region. 

Furthermore, pickers only receive a batch when they have finished the previous batch. This 

prevents regions from receiving more batches than others. Assuming an even distribution of 

batches over the regions is realistic as all regions have the same number of pickers available 

and is expected to result in even workload distribution over the regions.    

7. Efficiency gain 

After assuming there will be an efficiency gain present when delaying the batch release 

decision, an assumption must be made where this gain will occur. Therefore, it is assumed that 

the efficiency gain will only occur during the morning shift. The volume during the evening 

will be sufficient to create, in principle, efficient batches. As a result of this assumption, the 

overall picking time is lower and results in less hours occupied with picking compared to the 
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situation without the efficiency gain. Based on the evidence, this assumption is valid and should 

affect the results in a positive way.  

8. Everything is on stock 

Batches are only released when the system shows that there is enough stock available to 

complete an order. Therefore, all order released on a specific day can be completed. Also, it is 

assumed that everything is put on the right place when incoming goods were processed. This 

is a realistic assumption but in practice it sometimes occurs that a product is not available at 

the place where it should be. When a product cannot be found, it takes additional time to 

complete the order. However, due to limited occurrence this does not affect the results 

significantly.   

9. Transport time 

It is assumed that the transport time between picking and packing depends on the outbound line 

and not the region where it comes from. The times are extracted from historical data and give 

a representative time. In practice, it takes more time to transfer a batch from the third floor to 

the ground floor than from the first floor to the ground floor. This assumption will therefore 

affect the simulation in a positive way when the actual time is longer and in a negative way 

when the actual time is shorter. Overall, no large difference between the simulation and reality 

should be observed as the average per line is based on a very large dataset.  

10. Omdoos batches 

As mentioned in Section 2.2.6, Omdoos is one of twelve different outbound lines. Compared 

to the other eleven, Omdoos is a special batch type. When an Omdoos batch item is picked, a 

picker immediately sticks a shipping label at the package and the package is ready for shipping. 

Therefore, no other actions are needed, and the items are transported to the expedition area. For 

this reason, it is assumed that all pickers can perform this special action. In practice, the vast 

majority of pickers are capable of doing Omdoos batches. The case that a picker who cannot 

process an Omdoos batch is very small and therefore no significant difference are expected 

between the simulation and reality.  

11. Processing times sorting and packing 

Due to the absence of historical data with respect to sorting and packing time, I assume that the 

budgeted time per outbound line for sorting and packing is in line with the actual time. Ingram 

Micro’s warehouse has a low level of automation and therefore it is not possible to retrieve 

very detailed information on order level for these steps. An order cannot be followed 

continuously during the process. Therefore, the assumption that the processing time is equal to 

the budgeted time per item seems fair. However, it is likely that the actual processing time are 

not the same as the budgeted times and resulting in results that do not match reality after 

implementing the new model. In reality the results will be better because as the budgeted times 
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also cover overhead personnel that is not productive. To compensate for that, operators have to 

work faster. The simulation results will therefore be lower than in practice.  

12. Mean and variance of picking time 

For the calculation of the target workload levels, it is assumed that the picking variance stays 

the same in the different scenarios and the mean picking time decreases with the corresponding 

efficiency increase. The efficiency of the picking process increases but this does not affect the 

variability. Still the same pickers are operating and could therefore have the same difference in 

picking speed.  

13. Variance term 

Each equation derived for calculating the expected batch picking time has some noise. This 

noise is included in the simulation by adding a variance term to the equation. This variance 

term is normally distributed with mean of zero and a standard deviation of the historical batch 

picking time. For each outbound line, a different mean and standard deviation is used. To 

prevent for having a negative expected batch picking time, the normal distribution is truncated 

from below. It assumed that the estimated batch picking time is equal to 0.01 minutes when the 

calculation result in a negative estimate.   

  

5.2 – Description of the data used  

During this master thesis a lot of data is used to produce information, insights, and being able to run a 

simulation. All the information used is owned by Ingram Micro itself and is stored in their local database. 

A large dataset, but definitely not too large, is required to take valid conclusions which hold in most of 

the situations. The definition of large is vague and therefore open for discussion. I think that in my 

situation a dataset of one month make it possible to take valid conclusions without increasing the 

calculation time too much. However, as discussed earlier, Ingram Micro faces two different types of 

months, i.e. peak months and off-peak months, and therefore two months are analyzed. To evaluate 

whether there is a difference between these two types of months, both months will be analyzed 

separately. A dataset of December (01-12-2019 – 31-12-2019) serves as peak month and the dataset of 

January (01-01-2020 – 31-01-2020) serves as off-peak month. Due to the large number of batches, more 

reliable conclusions can be drawn. Descriptive statistics for both data sets is presented in Table 9. 

Furthermore, Figure 14 describes the number of batches processed per day and Figure 15 describes the 

distribution of batches per outbound per day.  

 

 



44 | P a g e  

 

Table 9: Descriptive statistics for December ’19 and January ‘20 

 December January 

Number of batches 90,719 59,978 

Number of items 2,838,187 1,832,691 

Average batch size 31.29 30.56 

Average number of locations to visit 25.40 25.03 

Average distance to travel (m) 780.20 699.34 

 

  

Figure 14: December ‘19 and January ‘20 batch descriptive: batches per day 

   

Figure 15: December ’19 and January ’20 batch descriptive: distribution of batches per outbound line per day 

In December 2019, no clear week pattern can be observed. December is no regular month as it has two 

national holidays, e.g. ‘Sinterklaas’ and Christmas. In contrary to December, a clear week pattern can 
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be observed in January 2020. Additionally, in January a clear pattern can be observed within the weeks 

where Mondays and Tuesdays are the busiest and as the week progresses, relatively less batches are 

processed during the weekend. When looking at the distribution of batches per outbound line per day, 

both December and January show a similar distribution. Despite the fact that December is a peak month 

and January is an off-peak month, no difference can be observed. 

5.3 – Validation and verification  

This section shortly describes the simulation validation and verification steps that are carried out. A 

detailed description is included in Appendix E. The validity of both the simulation model as well as the 

calculations are checked during the construction of the model and afterwards. Simulation modules are 

separately tested and checked for errors and whether the right action decision is made.  For example, the 

picking time estimation is calculated in Microsoft Excel and R and both gave the same results. 

Considering the level of automation and the amount of work carried out by operators, the acquired R²s 

via the multivariate OLS regressions are between 52% and 91% (Appendix D) and are supported by 

highly significant coefficients for the variables locations and distance. The acquired R²s are good as a 

higher R² is difficult to achieve without having a higher standardization of processes. Almost all actions 

are carried out by operators which do not work all day long, every day of the week at the same pace as 

automated systems. Moreover, when validating the simulation, a flaw was detected in the calculation of 

the outbound lines’ utilization of the Simmer package (a package in R). After reporting the bug to the 

authors, it was fixed in a new version and everything worked as it should. The average transport time 

per outbound line is determined by data analysis. The raw transport data of December 2019 and January 

2020 is used in this analysis.   

 

5.4 – Parameter settings 

Due to the different scenarios, the performance of each scenario can only be evaluated when parameters 

stay fixed. Decisions made based on these settings probably influence the course of next steps and 

eventually the results. Therefore, these settings need to be closely monitored and chosen wisely, taking 

into account the KPIs defined in Section 4.1. Given the research model and the developed MWBP, the 

parameters that should be set are the workload per operator in the region queue, the percentage picking 

efficiency gain, the workforce size, and the target workload level. 

The first parameter to set is the batched workload per picking operator. It is preferred to wait as long as 

possible with the release of batches and release them when needed. By doing so, more information is 

known for the batching algorithm which can construct more efficient batches in terms of picking time 

and proximity of items. In combination with the knowledge about the time it takes to release a batch, a 

decision for this parameter is taken. Due to the limited time required for batch release, it is possible to 
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wait till a picker becomes available. Therefore, the workload per operator should be equal to zero, no 

batch need to be ready in advance. 

When this parameter is related to the defined KPIs, it is expected that it has a positive effect on the 

average waiting time of a batch and the utilization of the outbound lines. Since no batches are released 

in advance, no batch has to wait for a picker. Also, due to more often evaluation of the outbound lines’ 

current WP, the workload is more balanced and should prevent starvation. In addition, the system is 

more controllable due to the low number of batches in the system. Issues are spotted earlier and may 

still be preventable.  

The next parameter to set is the percentage efficiency gain for picking. During this project it is not 

possible to test the actual effect of the newly proposed batch creation and release policy on picking 

efficiency, i.e. picking time. For this reason, an assumption has to be made about how much benefit it 

will bring. The data analysis regarding the picking efficiency (Section 3.5) revealed that there is a 

discrepancy between the estimated picking time. During the morning, picking takes 1% more time in 

December and 7% more time in January compared to the evening. It is expected that efficiency gains 

are mainly present in periods of low volume, e.g. during the morning and in off-peak months. Therefore, 

the two percentages are used as the picking efficiency increase parameter.  

Decreasing the total picking time per batch influences not only the average pick time per item in a 

positive way, but also other KPIs. Due to faster picking, more time is left between the moment of the 

last pick and the cut-off time. This increases the possibility that orders arrive on time. Furthermore, it is 

expected that it has a positive effect on the utilization of picking operators. Due to the reduced picking 

time, the throughput will increase. However, if the workload and workforce stay the same, the utilization 

decreases. The number of operators can therefore be scaled down to achieve the same utilization as 

before the picking efficiency increase.   

The third parameter to is the size of the workforce. The current situation is tested in the simulation with 

the actual number of operators per process at each individual day. Based on the result of this simulation 

some actions are undertaken. The steps to take can be described as follows: 

• Correct the actual number of operators for breaks as these cannot be modeled in the simulation.  

• Tweak the picking utilization per shift to a value around 80%. The number of operators may or 

may not be increased or decreased.  

• Use the number of operators per outbound line if the percentage tardy batches is not higher than 

0.5%. 

o If the tardy percentage is higher, increase the number of operators so that it is below the 

threshold. 
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o If the tardy percentage is lower but the utilization is low, decrease the number of 

operators stepwise until a reasonable utilization is achieved and the percentage tardy 

batches stays below the threshold.  

The final setting of operators stays the same during all scenarios and serves as benchmark to evaluate 

the results of the other scenario with this benchmark. The setting of this parameter does not only 

influence the percentage tardy batches in the beginning but also sets a benchmark for the other KPIs. 

Despite this parameter only influence one KPI, it is setting is necessary to evaluate the other scenarios 

and the change in KPIs.   

Lastly, the target workload level of each outbound line needs to be determined. The target workload 

level is used to indicate whether there is an undershoot or an overshoot, i.e. the WP is higher than the 

target workload level. An undershoot is not desired because of probability of starvation. As soon as 

possible a batch should be released for the outbound line with an undershoot. The target workload level 

𝑊𝐿𝑗 for each outbound line 𝑗 is determined by the batch mean lead time 𝜇𝐿,𝑗, i.e. picking time and 

transport time, standard deviation of the lead time 𝜎𝐿,𝑗, and service level expressed by safety factor 𝑘𝐿. 

This results in Equation 3. 

𝑊𝐿𝑗 =  𝜇𝐿,𝑗 + 𝑘𝐿 ∗ 𝜎𝐿,𝑗                                                                (3) 

The lead time and standard deviation is determined for each outbound line. The service level is set at 

99.5%. Ingram Micro must process at least 99.5% of the orders which are a must-go order. This high 

service level increases the reorder level and more workload is available at the outbound lines to keep all 

operators occupied. To achieve a service level of 99.5%, the area under the standard normal curve must 

be captured for 99.5%, thus the safety factor 𝑘𝐿 is 2.58. The interarrival time of batches is not 

incorporated in the calculation of the target workload level. Analysis of the historical interarrival time 

showed that the interarrival time for outbound lines with high demand are low whereas the interarrival 

time for outbound lines with low demand is high (Appendix F). When incorporating interarrival times, 

the effect is two-sided; (1) the 𝑊𝐿𝑗 for lines with low demand increases enormous and the 𝑊𝐿𝑗 for lines 

with high demand increases slightly, and (2) lines with a high interarrival time will be prioritized over 

the other lines due to their high 𝑊𝐿𝑗, which in practice will never be reached due to low demand. It is 

expected that this will have a negative effect on the workload position of outbound lines with high 

demand. Every available batch for an active outbound line with low demand is likely to be chosen over 

the other batches due to the large difference between 𝑊𝐿𝑗 and 𝑊𝑃𝑗. Moreover, including the interarrival 

time will increase the target workload levels for high demand lines with roughly the same the amount 

due to the similar mean and standard deviation. This will therefore not change the batch allocation.   

The calculated target workload level defines the minimum required workload at outbound line 𝑗 by 

including the lead time and the variability of the lead time. The likelihood that the pack process comes 
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to a halt is minimal. Furthermore, each outbound line has its own target workload level as the arrival 

rate of batches differs. The different target workload levels prevent outbound lines for receiving too 

much work or too less work. The workload is balanced according to the arrival rate of new batches. 

Differentiating between target workload levels also creates the possibility to determine for which 

outbound line a batch will be released as the workload is normalized according to the processing rate. 

Incorporating these different target workload levels is expected to result in less starvation in combination 

with a lower utilization variance among the outbound lines.   

 

5.5 – Conclusion 

The phase of modeling is ended after this section and RQ 4 can be answered. In the previous chapters, 

e.g. Chapter 4 and Chapter 5, first a conceptual model is designed which is followed by a detailed design. 

Both the conceptual design as well as the detailed design are based on the observed problem and the 

current situation of Ingram Micro. In the previous chapters the new policy is explained in combination 

with the assumptions made during the modeling phase. Later, the design is explained in more detail, 

including the mechanisms present in the fulfilment process as well as the data used to test the new policy 

in the next phase of the research methodology of Mitroff et al. (1974). The main conclusions of the 

modeling phase are now discussed.  

Analysis in the previous phase revealed that the current batch release policy did not work properly, and 

improvement could be made. In the modeling phase a new batch release policy is designed. The batch 

release policy must increase the picking and packing efficiency, prevent starvation, and do not 

compromise on the overall fulfilment. This could be achieved by delaying the batch release moment in 

combination with a specific batch release evaluation process. By determining which outbound line needs 

a batch the most, i.e. time constrained, active, or undershoot, the workload is spread over the outbound 

lines and starvation is prevented. To determine whether there is an undershoot, for each outbound line 𝑗 

is the 𝑊𝑃𝑗 evaluated against the 𝑊𝐿𝑗. To decide which batch to release, the model evaluates the batches 

in the following order: are there time constrained batches, batches for active outbound lines and does an 

outbound line have an undershoot, i.e. 𝑊𝑃𝑗 lower than 𝑊𝐿𝑗. 

A scenario analysis helps by evaluating the effect of the new MWBP compared the current situation and 

to determine the magnitude of change between the two policies. The scenarios are two-fold, (1) analyze 

the effect MWBP has if everything was known upfront and (2) analyze the effect when an estimation 

for the batch picking time is used in combination with the implementation of the new batch release 

policy.    
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6 – Results 

The results of the different scenarios are discussed in this chapter, divided over four different sections. 

Section 6.1 is related to the primary results where Section 6.2 is related to the results of the sensitivity 

analysis. Subsequently, Section 6.3 summarizes the results and lastly, the practical relevance is 

discussed in Section 6.4.  

Now a small recap of the used scenarios follows. The current scenario uses historical data and the current 

batch release policy, scenario 1 uses historical data and the new batch release policy, scenario 2 uses 

historical data, the new batch release policy, and an efficiency increase of 1% and 7% in December and 

January respectively. Scenario 3 uses a batch picking time estimation and the current batch release 

policy, scenario 4 uses a batch picking time estimation and the new batch release policy, and scenario 5 

uses a batch picking time estimation, the new batch release policy, and an efficiency increase of 1% and 

7% in December and January respectively. Lastly, scenario 6 uses historical data, the new batch release 

policy, and an efficiency increase of 7% and 1% in December and January respectively where scenario 

7 is almost the same but uses a batch picking time estimation. 

 

6.1 – Primary results  

Table 10 summarizes the results for scenario 1 and 2 relative to the base case scenario (current) and the 

results for scenario 4 and 5 relative to the other base case scenario (4). All results are tested for 

significance by t-tests. The results that significantly differ from the base case scenario are marked with 

an asterisk and the results colored in red have a negative deviation from the base case. Subsequently, 

Table 11 displays the 95% confidence intervals for the results whereby the first value resembles the 

lower bound and the second value resembles the upper bound. 

Table 10: Primary results summary 

  Average picking time/item Average batch waiting time Utilization variance 

scenario Dec Jan 

Change in 

% (Dec/Jan) Dec Jan 

Change in % 

(Dec/Jan) 

Dec 

shift1 

Dec 

shift2 

Jan 

shift1 

Jan 

shift2 

Change in % 

[Dec s1/Dec s2] 

[Jan s1/Jan s2] 

current 0.89 0.81 - 8.59 12.30 - - - - - - 

1 0.89 0.81 0.0/0.0 0.00* 0.00* 100 44.93 7.40 49.19 33.12 [1.3/0.2][1.3/0.6] 

2 0.88 0.79* 1.1/2.5 0.00* 0.00* 100 34.43 26.57 89.32 73.63 [1.0/0.6][2.3/1.4] 

3 1.09 1.03 - 9.46 14.69 - - - - - - 

4 1.08* 1.06 0.9/2.9 0.00* 0.00* 100 80.41 21.74 21.45 170.42 [2.4/0.5][0.5/3.3] 

5 1.09* 1.02 0.0/1.0 0.00* 0.00* 100 54.42 108.62 193.84 190.10 [1.6/2.6][5.0/3.6] 
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 Table 11: 95% confidence intervals primary results 

 

From Table 10 it can be observed that only a few results with respect to the average picking time per 

item are significant. Also, all alternative scenarios with respect to the average batch waiting time have 

significant results. Furthermore, Table 11 shows small confidence intervals for the results with respect 

to the average picking time per item and the average batch waiting time and larger confidence intervals 

for the utilization variance. The utilization variance is more volatile than the other measures. Each of 

the three measures is discussed in more detail in the following sub-sections. The percentage tardy 

batches in all scenarios was below the threshold and the analysis did not reveal any problems with 

respect to the number of tardy batches.  

 

6.1.1 – Picking time  

The next measure to discuss are the results related to the average picking time per item. The average 

picking time is a valuable number as it reflects the current efficiency. The higher the average picking 

time per item is, the fewer items can be processed in the same time window. Therefore, achieving a 

lower average time per pick is positive for the company. By incorporating the MWBP method the 

average time per items should decrease. In Table 12 are the simulation results for the average picking 

time per item displayed. Historical picking data is used in the first three scenarios and the others are 

based on an estimation for the batch picking time. All parameters except the picking efficiency are kept 

the same for all scenarios.  

Table 12: Average picking time per item simulation results (time in minutes) 

  Average picking time/item 

scenario Dec Jan Change in % (Dec/Jan) 

current 0.89 0.81 - 

1 0.89 0.81 0.0/0.0 

  Average picking time/item Average batch waiting time Utilization variance 

scenario Dec Jan Dec Jan Dec shift1 Dec shift2 Jan shift1 Jan shift2 

current 0.88 – 0.89 0.80 – 0.81 8.48 – 8.69 12.17 – 12.43 - - - - 

1 0.88 – 0.89 0.80 – 0.81 0.00 – 0.00 0.00 – 0.00 -154.8 – 244.7 -225.4 – 240.2 -133.1 – 231.5 -280.3 – 346.5 

2 0.88 – 0.88 0.79 – 0.80 0.00 – 0.00 0.00 – 0.00 -186.6 – 255.5 -188.3 – 241.4 -221.5 – 400.2 -281.6 – 428.9 

3 1.08 – 1.11 1.01 – 1.04 9.35 – 9.57 14.54 – 14.84 - - - - 

4 1.07 – 1.10 1.02 – 1.11 0.00 – 0.00 0.00 – 0.00 -241.3 – 402.1 -513.1 – 469.6 -366.3 – 409.2 -261.1 – 602.0 

5 1.08 – 1.11 1.00 – 1.04 0.00 – 0.00 0.00 – 0.00 -271.7 – 380.6 -221.7 – 439.0 -214.9 – 573.2 -299.6 – 679.8 
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2 0.88 0.79* 1.1/2.5 

3 1.09 1.03 - 

4 1.08* 1.06 0.9/2.9 

5 1.09* 1.02 0.0/1.0 

 

Compared to the previous measure, some significant differences are found when looking at the average 

picking time. First, a decrease of the average picking time can be observed when both the new batch 

release policy is incorporated in combination with the picking efficiency increase. The decrease in 

December 2019 is not significant during all scenarios that have used historical data. However, in January 

2020 there is a significant difference in average picking time. A decrease of 2.5% compared to the base 

case is observed.  

Also, the scenarios which have used an estimation for the batch picking time show some significant 

results. The results of scenario 4 and 5 in December 2019 are significantly different from the base case 

scenario. Using the MWBP instead of the current batch release policy result in a small decrease of 0.9% 

in the average picking time per item. The results for January are insignificant and do not show a decrease 

in average picking time per item. 

As the average time per pick decreases, also the total amount of hours occupied with picking decreases 

(under the same conditions). Being more efficient means processing more in the same time window or 

it takes less time to process the same. Either way, it is a positive effect and a good result for Ingram 

Micro. The total hours occupied with picking in the different scenarios is displayed in Table 13. 

Table 13: Picking hours occupied simulation results 

  Picking hours occupied 

scenario Dec Jan Change in % (Dec/Jan) 

current 31,223.31 17,685.46 - 

1 31,223.31 17,685.46 0.0/0.0 

2 31,079.08 17,366.58* 0.5/1.8 

3 32,401.75 18,445.77 - 

4 32,415.02 18,547.92 0.0/0.6 

5 32,229.55* 18,125.17* 0.5/1.7 

 

Incorporating the efficiency increase in the model, the total hours occupied decreases. In almost all 

scenarios where an efficiency increase is incorporated, a significant decrease in the hours occupied with 

picking is observed. Scenario 2 in December 2019 did not show a significant decrease whereas January 

2020 showed a significant decrease of 1.8%. Furthermore, scenario 5 showed for both December and 



52 | P a g e  

 

January a significant decrease of 0.5% and 1.7% respectively. Based on the results presented in Table 

12 and Table 13, it can be concluded that Hypothesis 3 is partially supported. Almost all scenarios where 

the efficiency increase is incorporated show a significant decrease compared to the base cases.  

 

6.1.2 – Batch waiting time 

The third measure to discuss are the results with respect to the waiting time of batch, i.e. the time 

between the moment of releasing and a picker becomes available. It occurred that batches had to wait 

for a very long time before the batch was allocated to a picker. The batch waiting time has a negative 

effect on the batch composition. Information arrived in the meantime, i.e. between batch release and 

allocation to a picker, is not incorporated. This information could be used to improve the batch 

composition and increase the picking efficiency. With the new policy are batches only released when a 

picker is free. No batches are released upfront to create workload. The simulation results are presented 

in Table 14 and show that the batch waiting time indeed has decreased to zero after implementing the 

new MWBP.  Historical picking data is used in the first three scenarios and the others are based on the 

batch picking time estimation. 

 

Table 14: Average batch waiting time simulation results (time in minutes) 

  Average batch waiting time 

scenario Dec Jan Change in % (Dec/Jan) 

current 8.59 12.30 - 

1 0.0* 0.0* 100 

2 0.0* 0.0* 100 

3 9.46 14.69 - 

4 0.0* 0.0* 100 

5 0.0* 0.0* 100 

 

Based on the results displayed in Table 14, it can be concluded that supporting and significant evidence 

for Hypothesis 4 is found. The average batch waiting time decreases to zero after implementing the 

MWBP. Because of the redundancy of the batch waiting time, the picking efficiency increase can be 

achieved. Furthermore, this result confirms the correctness of the simulation with respect to selecting 

different batch release policies.  
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6.1.3 – Utilization variance 

The last measure to discuss are the results with respect to the utilization variance. It happened that some 

outbound lines ran out of work because of a not properly working batch release policy. The workload 

was not evenly distributed over the outbound lines. This can be achieved by a more balanced release of 

the batches for the different outbound lines. As a result, it is expected that the utilization variance is 

lower when the workload is evenly distributed according to the number of operators working at a line 

and the expecting processing time. The utilization variance among the outbound lines is measured by 

the squared errors instead of absolute errors. Larger errors are weighted more if squared errors are used. 

Firstly, per hour the variance in utilization is measured because the operation is steered based on hourly 

results (Figure 7). Secondly, these results are aggregated to shift level as the production is planned per 

shift and in each shift a different number of operators are present. Furthermore, per shift different 

batching operators are present and who might release the batches via a different pattern. The utilization 

variance among the outbound lines per hour is measured by the mean squared error: 

𝑀𝑆𝐸ℎ =
1

𝑛
∑ [𝑈𝑗,ℎ − 𝑈ℎ

̅̅̅̅ ]
2𝑗

𝑗=1                                                                (4) 

Where 𝑀𝑆𝐸ℎ is the mean squared error for hour ℎ, 𝑈𝑗,ℎ is the utilization of outbound line 𝑗 for hour ℎ 

and 𝑈ℎ
̅̅̅̅  is the mean utilization of all outbound lines for hour ℎ. Subsequently, the 𝑀𝑆𝐸 per shift is found 

by summing the hourly 𝑀𝑆𝐸 of the shift: 

𝑀𝑆𝐸𝑠 = ∑ 𝑀𝑆𝐸ℎ                                                                      ∀ℎ,   ℎ 𝜖 𝑆 
∞
ℎ=1           (5) 

The 𝑀𝑆𝐸 as a measure of the utilization variance shows the fluctuation of workload among the outbound 

lines. The larger the 𝑀𝑆𝐸 is, the more fluctuation is workload is present. Would the results show lower 

𝑀𝑆𝐸 after implementation of the new batch release policy compared to the current policy, the MWBP 

proves its additional value in reducing the workload imbalances besides achieving a picking efficiency 

gain. The goal is to achieve lower values of 𝑀𝑆𝐸𝑠, the utilizations of the outbound lines are more aligned 

throughout the shift.  

The results related to the utilization variance are displayed in Table 15 and Table 16. As in previous 

tables, historical picking data is used in the first three scenarios and the other three scenarios are based 

on the batch picking time estimation. The difference in 𝑀𝑆𝐸𝑠 for the current situation compared to the 

𝑀𝑆𝐸𝑠 for the other scenarios is given by ∆𝑀𝑆𝐸𝑠. The average of the differences is given by ∆𝑀𝑆𝐸̅̅ ̅̅ ̅̅ ̅̅ . 

Moreover, Table 16 shows the percentage shifts in which the specified scenario outperforms the base 

cases in terms of  𝑀𝑆𝐸𝑠. 

Table 15: Utilization variance simulation results December 

  Utilization variance 
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scenario 

∆𝑀𝑆𝐸̅̅ ̅̅ ̅̅ ̅̅  

Dec shift1 

∆𝑀𝑆𝐸̅̅ ̅̅ ̅̅ ̅̅  

Dec shift2 

∆𝑀𝑆𝐸̅̅ ̅̅ ̅̅ ̅̅     

Jan shift1 

∆𝑀𝑆𝐸̅̅ ̅̅ ̅̅ ̅̅   

Jan shift2 

Change in % 

[Dec s1/Dec s2] 

[Jan s1/Jan s2] 

current - - - - - 

1 44.93 7.40 49.19 33.12 [1.3/0.2][1.3/0.6] 

2 34.43 26.57 89.32 73.63 [1.0/0.6][2.3/1.4] 

3 - - - - - 

4 80.41 21.74 21.45 170.42 [2.4/0.5][0.5/3.3] 

5 54.42 108.62 193.84 190.10 [1.6/2.6][5.0/3.6] 

 

 

 

Table 16: Percentage shifts with better MSE compared to base scenario 

  Percentage shift better  

scenario Dec shift1 Dec shift2 Jan shift1 Jan shift2 

current - - - - 

1 66.67 50.00 45.46 53.33 

2 74.07 50.00 50.00 56.67 

3 - - - - 

4 62.96 67.86 59.09 60.00 

5 51.85 57.14 50.00 53.33 

 

All results displayed in Table 15 are not significantly different compared to the base cases. Despite the 

insignificance, all scenarios, except scenario 4 – shift 2 in December 2019, showed a lower utilization 

variance among the outbound lines compared to the base case scenarios. Indicating that the designed 

and proposed policy is able to balance the workload in a better way than the current policy. This is 

indicated by the positive ∆𝑀𝑆𝐸̅̅ ̅̅ ̅̅ ̅̅ . A positive number should appear when the 𝑀𝑆𝐸𝑠 of a scenario is lower 

than the 𝑀𝑆𝐸𝑠 of the base case scenario. However, it must be mentioned that there is still no significant 

difference.  

The scenarios which have used historical data show the largest difference in utilization variance during 

the first shift while scenario 4 and 5 show no conclusive effect. Furthermore, the introduction of the 

MWBP decreased the utilization variance in almost all scenarios. This new batch release policy in 

combination with the efficiency increase has further decreased the utilization variance among the 

outbound lines in most of the scenarios. Thus, it seems that the introduction of the new batch release 
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policy in combination with the efficiency increase lowers the utilization variance among the outbound 

lines. Also, an additional analysis on the utilization level among the outbound lines is conducted. This 

analysis did no reveal large differences over the day for each outbound line. However, it is hard to 

observe any difference as the differences are very small but, in some figures, a more balanced utilization 

can be seen. The results of this analysis are presented in Appendix G.  

Analyzing the result of Table 16 with respect to the improvement made on shift level, in general a 

positive effect can be observed. Almost all scenarios show a percentage higher than or equal to 50%, 

meaning that more shift have outperformed its corresponding shift in the base case scenario. Indicating 

that the proposed policy is better in balancing the workload. Over all the scenarios, on average 56.8% 

has lower utilization variance compared to its base case scenario. Based on the results, no supporting 

evidence is found for Hypothesis 5 as there is no significant difference. Furthermore, Hypothesis 6 is 

also not supported by the results. Most of the ∆𝑀𝑆𝐸̅̅ ̅̅ ̅̅ ̅̅  are larger during the first shift compared to the 

second shift. The results of Table 15 and Table 16 indicate the positive effect of the MWBP, but hard 

evidence is still lacking.  

 

6.2 – Sensitivity results 

In this section is a small sensitivity analysis presented. Two alternative scenarios are used where the 

efficiency increase is increased in December 2019 and decreased in January 2020, i.e. an efficiency 

increase of 7% in December and 1% in January. These results could indicate what the results might be 

if the expected efficiency increase is even higher or not achieved. The results of the two alternative 

scenarios in combination with both base case scenarios are displayed in Table 17. Again, no issues are 

observed with respect to the number of tardy batches. The percentage tardy batches was always below 

the threshold.  

Table 17: Sensitivity results 

  Average picking time/item Average batch waiting time Utilization variance 

scenario Dec Jan 

Change in 

% 

(Dec/Jan) Dec Jan 

Change in 

% 

(Dec/Jan) 

Dec 

shift1 

Dec 

shift2 

Jan 

shift1 

Jan 

shift2 

Change in % 

[Dec s1/Dec s2] 

[Jan s1/Jan s2] 

current 0.89 0.81 - 8.59 12.30 - - - - - - 

6 0.86* 0.81 3.4/0.0 0.0* 0.0* 100 135.98 53.37 58.51 45.39 [3.8/1.3][1.5/0.8] 

3 1.09 1.03 - 9.46 14.69 - - - - - - 

7 1.07* 1.03 1.8/0.0 0.0* 0.0* 100 73.00 24.22 67.86 152.13 [2.2/0.6][1.8/2.9] 
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Table 18: 95% confidence interval sensitivity results 

 

From Table 17 it can be observed that the results with respect to the average picking time per item, 

significant differ compared to the base cases are observed in December 2019. With the efficiency 

increase of 7% in December 2020 the average picking time is further decreased compared to the result 

with a 1% efficiency increase. Thus, could a higher efficiency increase be achieved in December 2019 

than expected, the average picking time per item will be significantly lower than in the current situation. 

Also, the average batch waiting this has decreased to zero in both alternative scenarios and are 

significantly different from the base case and confirms the working of the batch release policy.     

The last measure to discuss are the results with respect to the utilization variance among the outbound 

lines. Also, the alternative scenarios show do not show a significant difference. However, like the other 

scenarios positive ∆𝑀𝑆𝐸̅̅ ̅̅ ̅̅ ̅̅  are found and the ∆𝑀𝑆𝐸̅̅ ̅̅ ̅̅ ̅̅  are in line with the results of the other scenarios. The 

change in MSE is in December higher than in previous scenarios where the change in MSE in January 

falls between the scenario 1 and 2, and 4 and 5. It seems that the larger the efficiency increase, the lower 

the utilization variance among the outbound lines.  

The 95% confidence intervals of the sensitivity results are presented in Table 18. From this table it can 

be observed that both the measures for the average picking time per item as well as the batch waiting 

time show small intervals where the confidence intervals for the utilization variance are much larger. It 

can be concluded that it is more difficult to predict the change in utilization variance than the average 

picking time per item or batch waiting time. This observation is in line with the conclusion drawn from 

the primary results. Furthermore, the intervals for the utilization variance of scenario 6 and 7 are as big 

as the intervals of the other scenarios. The change in efficiency increase did not affect the results in 

either positive or negative way.    

 

6.3 – Results summary 

In the two previous section are the primary results and the results of the sensitivity analysis presented. 

The results of both sections are aggregated in Table 19 and Table 20 to provide a clear overview of all 

results. This section shortly discusses the results based on the hypotheses.  

  Average picking time/item Average batch waiting time Utilization variance 

scenario Dec Jan Dec Jan Dec shift1 Dec shift2 Jan shift1 Jan shift2 

current 0.88 – 0.89 0.80 – 0.81 8.48 – 8.69 12.17 – 12.43 - - - - 

6 0.86 – 0.86 0.80 – 0.81 0.00 – 0.00 0.00 – 0.00 -83.2 – 355.2 -139.4 – 246.2 -133.0 – 250.0 -311.4 – 402.2 

3 1.08 – 1.11 0.80 – 0.81 9.35 – 9.57 14.54 – 14.84 - - - - 

7 1.06 – 1.09 1.01 – 1.04 0.00 – 0.00 0.00 – 0.00 -256.3 – 402.3 -374.9 – 423.4 -185.5 – 350.7 -340.6 – 644.8 
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Table 19: Results summary: primary and sensitivity 

  Average picking time/item Average batch waiting time Utilization variance 

scenario Dec Jan 

Change in 

% (Dec/Jan) Dec Jan 

Change in % 

(Dec/Jan) 

Dec 

shift1 

Dec 

shift2 

Jan 

shift1 

Jan 

shift2 

Change in % 

[Dec s1/Dec s2] 

[Jan s1/Jan s2] 

current 0.89 0.81 - 8.59 12.30 - - - - - - 

1 0.89 0.81 0.0/0.0 0.00* 0.00* 100 44.93 7.40 49.19 33.12 [1.3/0.2][1.3/0.6] 

2 0.88 0.79* 1.1/2.5 0.00* 0.00* 100 34.43 26.57 89.32 73.63 [1.0/0.6][2.3/1.4] 

3 1.09 1.03 - 9.46 14.69 - - - - - - 

4 1.08* 1.06 0.9/2.9 0.00* 0.00* 100 80.41 21.74 21.45 170.42 [2.4/0.5][0.5/3.3] 

5 1.09* 1.02 0.0/1.0 0.00* 0.00* 100 54.42 108.62 193.84 190.10 [1.6/2.6][5.0/3.6] 

6 0.86* 0.81 3.4/0.0 0.0* 0.0* 100 135.98 53.37 58.51 45.39 [3.8/1.3][1.5/0.8] 

7 1.07* 1.03 1.8/0.0 0.0* 0.0* 100 73.00 24.22 67.86 152.13 [2.2/0.6][1.8/2.9] 

 

Table 20: 95% confidence intervals summary: primary and sensitivity 

 

Supporting evidence is found for Hypothesis 3: the average batch waiting time is eliminated after the 

introduction of the MWBP. All scenarios show a batch waiting time of zero and are significantly 

different from the base case scenarios. For Hypothesis 2, 4, and 5 is no supporting evidence found. All 

measures related to these hypotheses show the expected effect, but the results are not significantly 

different from the base case scenarios. It seems that the expected effect is present for these measures 

and the designed batch release policy works according plan. Unfortunately, the differences with the base 

cases are not large enough to be significant.  

As said, no significant difference is found for the utilization variance. A possible explanation for the 

absence are the outbound lines which have not enough work to be operational during the whole shift. In 

practice an operator can man multiple different lines, but this is not possible in the simulation. Every 

  Average picking time/item Average batch waiting time Utilization variance 

scenario Dec Jan Dec Jan Dec shift1 Dec shift2 Jan shift1 Jan shift2 

current 0.88 – 0.89 0.80 – 0.81 8.48 – 8.69 12.17 – 12.43 - - - - 

1 0.88 – 0.89 0.80 – 0.81 0.00 – 0.00 0.00 – 0.00 -154.8 – 244.7 -225.4 – 240.2 -133.1 – 231.5 -280.3 – 346.5 

2 0.88 – 0.88 0.79 – 0.80 0.00 – 0.00 0.00 – 0.00 -186.6 – 255.5 -188.3 – 241.4 -221.5 – 400.2 -281.6 – 428.9 

3 1.08 – 1.11 1.01 – 1.04 9.35 – 9.57 14.54 – 14.84 - - - - 

4 1.07 – 1.10 1.02 – 1.11 0.00 – 0.00 0.00 – 0.00 -241.3 – 402.1 -513.1 – 469.6 -366.3 – 409.2 -261.1 – 602.0 

5 1.08 – 1.11 1.00 – 1.04 0.00 – 0.00 0.00 – 0.00 -271.7 – 380.6 -221.7 – 439.0 -214.9 – 573.2 -299.6 – 679.8 

6 0.86 – 0.86 0.80 – 0.81 0.00 – 0.00 0.00 – 0.00 -83.2 – 355.2 -139.4 – 246.2 -133.0 – 250.0 -311.4 – 402.2 

7 1.06 – 1.09 1.01 – 1.04 0.00 – 0.00 0.00 – 0.00 -256.3 – 402.3 -374.9 – 423.4 -185.5 – 350.7 -340.6 – 644.8 
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operator is fixed. These lines will affect the utilization variance in a negative way and may result in a 

distorted result.  

 

6.4 – Practical relevance 

This section discusses the practical relevance of the results and hence some findings of the previous 

sections. The change in batch waiting time is in my opinion the most relevant finding to discuss. 

Eliminating the time between batch release and a picker becoming available has multiple advantages. 

Information of newly arrived customer orders can be incorporated when releasing a new batch and 

prevent visiting the same location multiple times. Therefore, it must be prevented that a location must 

be visited multiple times. In addition, the number of pickers that need to be in a certain aisle unnecessary 

increases and might influences the picking time in a negative way. Including items in a batch with a 

close proximity to each other deceases the likelihood of picker blocking.  

By delaying the batch release moment to the latest possible moment, all available information can be 

incorporated by the batching algorithm to create and release the most optimal batch. Information is key 

in this situation. Batching operators themselves influence the volume of the order basket and the amount 

of information available. Less information is present when over releasing batches. This could be avoided 

by delaying the batch release. Would the batch release decision be delayed, (1) the order basket is larger 

and helps the batching algorithm in creating batches with more of the same item or items closer to each 

other, and (2) the workload among the outbound lines can be better managed.  

The latter aspect underlines the importance to include besides batching, also picking, transport, and 

packing. How to release more efficient batches is one aspect, but for which outbound line is the second 

aspect to determine. The order in which batches are released determines the course of the subsequent 

processes. In practice, starvation of outbound lines happens on a regular basis and is mainly the result 

of bad decision making with respect to the release of batches. The extensive batch waiting times in 

combination with the lack of overview and real time information decreases the ability of monitoring the 

system and the progress of the batches. Eliminating the batch waiting time and thus decreasing the 

number of batches in the system makes easier to control the operation. Resulting in a better alignment 

between picking and packing, i.e. the right activities are performed at the right time. Moreover, the effect 

of the released batch can immediately be observed. By the better alignment, less pressure is put on 

transport operators. No rush transport is needed because a steady flow arrives at the outbound lines. In 

practice the person carrying out the rush transport is a picker. Relieving a picker temporarily from its 

picking task, decreases the throughput and might result in the need of more rush transport.    

As result of the better alignment between picking and packing due to the delayed release, it was expected 

that the utilization variance among the outbound lines would decrease when picking efficiency increases. 
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The results indicate this effect, however, the difference with the base case scenarios is not significant. 

The utilization variance decreases indeed when the MWBP is incorporated in combination with the 

picking efficiency increase. The decrease of the utilization variance is the highest during the first shift. 

The pressure and number of items to process are lower and thus require more steering to control and 

balance the workload. Despite the effect is insignificant, it is believed that the introduction of the new 

batching policy is a good change. All scenarios show a positive result and thus the MWBP equalizes the 

workload among the outbound lines. Limiting factors in this research might be the historical batch 

information as it might not be optimal or the outbound lines which have low demand but are operational 

during the whole shift. Even though no significant results are observed, the occurrence of starvation in 

practice is less likely with this policy. Starvation must be avoided in all situation as it has a negative 

effect on efficiency. 

As said, multiple outbound lines are operational during the whole shift in the simulation but have limited 

demand. In practice are these lines only a few hours operational and some operators man multiple lines 

to be more efficient. However, it was not possible to incorporate this in the simulation, i.e. each line 

needs its own number of operators. As a result, the average utilization among the outbound lines is 

decreased by the lines with low demand and might lead to a distorted picture of the actual utilization 

variance. In fact, analyzing only the continuously operational outbound lines might give more promising 

results. On the other hand, considering the interarrival time of batches might also influence the 

utilization variance and lead to a higher target workload level to cover the uncertainty in availability. It 

is likely that outbound lines with enough demand to be operational during a shift will benefit from 

including the interarrival time. The variance in batch availability is covered and the possibility of 

starvation is decreased. However, lines with low demand have a significant higher interarrival time 

which result in an even larger increase in target workload level than the other lines. Despite the increase, 

the target workload level is never reached when not enough work is available. Including the interarrival 

time of batches probably do more harm than good due to the difference in demand. Lines with low 

demand will be prioritized over the others.  

Furthermore, limited attention is given to the percentage tardy batches. Each scenario had a percentage 

lower than the threshold, i.e. around the 0.3%. Would this not be the case, the number of operators 

scheduled is increased to reach the threshold. Currently, there is still some room between the threshold 

and the percentage tardy batches. A tradeoff could be made between the percentage tardy batches and 

the number of operators scheduled. The results indicate that it is possible have more tardy batches. 

However, it is questionable whether it is desirable to let the number of tardy batches increase to save on 

wages. Ingram Micro and bol.com should discuss this subject and determine how they would like to 

address this subject.   
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With the implementation of the new batch release policy, it is expected that the batch picking time 

decreases because of better batch composition. The same number of picking operators process more 

items in less time under the same conditions. Furthermore, using the historical processing times or the 

estimated processing time results in minor differences. This underlines the preciseness of the batch 

picking time estimation. With the given equations, the picking time approaches the historical batch 

picking time. More variables could further increase the preciseness of the batch picking time estimation. 

Lastly, a decrease in batch picking time reduces the likelihood of tardy batches under the same 

conditions as before. However, a decrease in picking time not only reduces the percentage tardy batches, 

it also prevent outbound lines from starvation. The time between two consecutive batch releases is 

shorter which also means a shorter evaluation period. The review of the 𝑊𝑃 happens more often and 

workload can be better controlled. This implies that the utilization variance among the different 

outbound lines is better aligned and it is less likely that operators have to switch between lines. The 

pressure to perform faster diminishes and the chance of errors reduces as well.  Additionally, a decrease 

in picking time reduces the expenses. Both Ingram Micro and bol.com benefit from this reduction.  

Summarizing, the research show promising results and almost all KPI as positively affected after the 

introduction of the proposed batch release policy. However, only the batch waiting time showed a 

significant difference and some scenarios showed a significant decrease in average picking time per 

item. All other measures were not significant. It seems that the MWBP reduces the picking time per 

item and the utilization variance among the outbound lines. Finally, the proposed policy could lead to 

the redundancy of batching operators when the whole decision is made automatically and result in cost 

savings.  

 

7 – Implementation 

The last phase of Mitroff et al. (1974) methodology is about implementation. After the results are 

available and match the expectations, the developed solution can be implemented. Despite the fact that 

the implementation phase is not carried out in this master thesis project, some guidance is given in this 

chapter just in case Ingram Micro decides to implement it by their self.   

When Ingram Micro decides to implement the proposed policy, some changes are required, and aspects 

need to be taken in mind. First of all, what needs to be changed. To incorporate the policy into practice 

the IT software needs to be changed. Batching operators keep their job in this situation. These batching 

operators need a signal when a picker has finished their previous batch so that they can release a new 

batch. Furthermore, the batching operators need an overview of the current WP at each of the outbound 

line in relation to the determined reorder level. Based on this information, they can decide for which 

outbound line a batch will be released. In order to have this information, software needs to be developed 
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which is able to increases and decreases the WP. Even more sophisticated is a software feature that 

automatically determines for which outbound line a batch must be released. A batching operator could 

receive a pop-up on its screen with the question asking if it is okay to release a batch for that outbound 

line. With these features, batching operators can control the operation, keep their job, but the human 

decision making is eliminated. This way of implementation could be a good first step to test the 

implemented policy and to make sure everything works properly.  

To develop the proposed features, a project team should be formed where stakeholders are present. 

Stakeholders are batching operators, IT staff, operation managers, data analysts, and human resources. 

This team should discuss preferences and reachability and create support in the organization. Each of 

the stakeholders has a different task but all are related to the subject.    

A next step or a more radical step is implementing these software features and make batching operators 

redundant. The whole batch release mechanism runs by itself and no human intervention is needed. This 

is a drastic step that could increase efficiency and lower the spending on operators. High confidence in 

the mechanism should be present before human operators can be eliminated. To have this confidence, a 

thorough evaluation of the first step should be conducted with all stakeholders. If confidence is present, 

conversations with batching operators should be held over the continuance of their job. As their job 

disappears, in consultation different work must be found that suits their preferences and capabilities.  

Implementing this policy in the operation does not need to be costly as only additional IT software is 

needed. Ingram Micro has an own IT department, so no external party and cost are required. The 

proposed policy is welcomed with open arms by Ingram Micro. It could create a standardized process 

and might result in the redundancy of batching operators in the future. 

 

8 – Economic impact 

Decisions have economic impact and the economic impact of the proposed policy is discussed in this 

chapter. Based on the simulation results, the economic impact is quantified. With the implementation of 

the new policy, the picking efficiency increases, and the same number of items are processed in less 

time. The time saved can be quantified in hours and subsequently in euros.  

In Table 13 the hours occupied with picking, for the different scenarios, are shown. For each scenario, 

the percentage change in hours occupied is given. It is expected that in peak periods an efficiency gain 

of 1% in the morning can be achieved where a 7% efficiency gain can be achieved in off-peak periods. 

Translating this into monetary terms, the economic impact can be calculated. If the total hours occupied 

displayed in Table 13 are representative for other months, the yearly savings can be calculated. Based 

on historical information, it can be said that a year has one peak month and the other eleven months are 

off-peak months. When the proposed efficiency gains, i.e. 1% in peak months and 7% in off-peak 
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months, are achieved, 3,651.91 hours can be saved in a year. This adds up to a saving of €73,038.20 

euro on an annual basis if the above-mentioned efficiency increases are reached and an hourly wage of 

€20 euro is used. This is the compensation Ingram Micro has agreed on with bol.com for all labor related 

hours. 

Furthermore, if Ingram Micro decides to implement the policy and develops the software which runs 

automatically even more can be saved. The batching operators who currently control the batch releases 

become redundant with the software release. Now, on a weekly basis 200 hours are billed for batching 

operators who work 51 weeks a year (roughly one week a year the warehouse is closed due to national 

holidays). On an annual basis, a total of €204,000 euro can be saved if an hourly wage of 20 euro is 

used.  

In conclusion, a total of €277,038.20 euro is saved annually when the proposed policy is implemented, 

the expected efficiency increase during the morning shift is achieved in combination with the batching 

operators become redundant. This number can be seen as real savings as no additional costs are expected 

due to the availability of an own IT department. No external parties are necessary to implement the 

proposed policy.  

 

9 – Conclusions  

This chapter summarizes the conclusions that can be drawn from this research.  

E-commerce and e-fulfilment are two rapidly growing businesses, the past years have shown an 

enormous increase in the size of these businesses. Even in the past months with the COVID-19 

pandemic, e-commerce is growing faster than it has done before while traditional stores are facing more 

and more problems. To keep up with the grow, e-fulfilment companies need to adapt their processes and 

become more efficient. Warehouses cannot always grow further, and internal changes are required. 

Increasing the efficiency of the processes inside a warehouse should therefore have high priority.  

From theory is it known that delaying the batching decision may lead to an efficiency increase of the 

subsequent processes (e.g. WPS). Therefore, a new batch release policy is developed in this master 

thesis which balances the workload based on the evaluation between workload position (counterpart of 

inventory position in retail) and reorder level. During this research multiple batch types are 

distinguished, and these batch types run through two or three processes. Most of the batch types go 

through two processes (picking and packing) where each process consists of multiple independent 

parallel servers. The other batch types run through three processes (picking, sorting, and packing), an 

additional sorting operation is required to sort the items to customer orders.  
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The aim of this research was to increase picking and packing efficiency by changing the batch release 

policy. The proposed policy basically delayed the batch release decision to the latest possible moment 

and took into consideration the WP of the outbound lines to balance the workload among the lines. Only 

releasing the necessary work is not only beneficial in terms of efficiency but also in response time of 

the system. The system only contains work that is partly processed and will be finished soon. Analyzes 

have shown that a picking efficiency growth of 1 percent can be achieved in a peak month and 7 percent 

in an off-peak month. As a result of this efficiency increase, the average picking time per items decreases 

with 1.1 and 2.5 percent in a peak month and off-peak month, respectively. These reductions seem 

relatively small but when they are placed in perfective with the number of items processed on a day, a 

substantial reduction can be achieved. The percentage of tardy batches is below the set threshold in both 

months. Furthermore, with the introduction of the new batch release policy is the batch waiting time 

eliminated.  

Despite the policy does not always significantly affect the results, the workload is always better 

balanced. However, it must be noted that the decrease in utilization variance is not significant. The 

extent to which the improvement occurs is larger in periods of lower demand. Both December 2019 and 

January 2020 showed a larger reduction in utilization variance during the first shift compared to the 

second shift.   

Based on the results it can be concluded that delaying the batch release is the main driver influencing 

the efficiency and starvation. The batching release and the interval between the releases determines how 

efficient the subsequent processes can proceed. 

The findings are relevant for practitioners as it seems that a delayed batch release increase the picking 

efficiency in combination with a more balanced workload distribution among the outbound lines. 

Moreover, an even larger reduction can be achieved when the effect of a more balanced workload is 

incorporated in the model. Also, the proposed policy change not necessarily needs a high investment. 

The batch algorithm needs an adjustment to determine which outbound line needs work. However, 

before implementing one should carefully assess whether all estimations match up with reality and real-

time is available.  

The presented findings are also relevant for academics as it points them in a direction for future research 

related to a delayed batching decision. The dynamics of the customer order arrival are not included in 

this research and would be a valuable extension of this research. Another starting point might be the 

process before batching, namely put-away, and how it could increase the efficiency of subsequent 

processes in a more complex case study, e.g. multiple floors. 
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10 – Recommendations  

This chapter summarizes the recommendations based on the findings and limitations. In Section 10.1 

are the recommendations for Ingram Micro provided and in Section 10.2 are the recommendations for 

academics provided.    

10.1 – Recommendations for Ingram Micro 

First, based on the results Ingram Micro is recommended to implement the proposed batch release policy 

(MWBP) in its operation. All defined KPIs show a positive effect and seem to confirm the functioning 

of the batch release policy. However, not all KPIs show a significant change and this provide some 

grounds for further research. More research can be conducted to adapt the research in a way which 

deliver some significant results as the potential is already shown.  

To implement the policy in the best possible way, it must be ensured that the available data is up to date 

and accurate. During this research, some assumptions were made because of the unavailability of data, 

e.g. historical sorting and packing data and the number of picking and packing operators present during 

a shift. The availability of historical sorting and packing data can further improve the estimated time for 

both processes. Additionally, the proposed policy relies on the number of operators present at the 

different processes. Without the information about the number of operators present at different moments 

in time, it is difficult to model the actual process. As discussed in implementation section, real-time 

processing data must be available before the proposed policy can be implemented. Ingram Micro is 

recommended to invest resources in the development of a new warehouse system that actively tracks 

the flow of products and resources to have this information continuously. All of this highlights the 

importance of available and reliable data and to take a step further, even real-time data should be 

available.  

Second, when it is possible to access all relevant data, some processes need a more thorough 

investigation. For example, this research has used the average transport time per outbound line as it was 

not possible to extrapolate the transport time per region to an outbound line. A region identifier was not 

present in the data. The transport time per region adds more detail to the model and brings the model 

closer to the reality. It is logical that transporting a batch from the fourth floor to a certain line takes 

more time than transporting a batch from the first floor to the same line. Also, it is recommended to 

further analyze the estimation for the batch picking time and the other processes for which no data was 

available. An accurate estimation helps the policy in determining the outbound line for which a batch 

should be released.  

Third, when real time information is available, accurate estimations can be made. If Ingram Micro 

decides to implement the new batch release policy, they should thoroughly test the policy as suggested 
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in the implementation chapter. Based on the test results, some modifications can be made would the 

policy not behave as intended due to recent changes.  

Fourth, in this research it was not possible to incorporate breaks of operators. To model the loss in 

production time, the available capacity is decreased by a factor that resembles the total break time. 

However, in practice the occurrence of breaks cannot be eliminated and must be somehow taken into 

account to prevent process starvation. Two possible solutions might be (1) simultaneous breaks for the 

whole outbound processes to keep the current workload level, or (2) to increase the reorder level to keep 

packing operators occupied when picking operators have a break.     

Another subject that can be further explored is the target workload level. Having the right target levels 

ensures a smoothly operations with minimal starvation. Target workload levels make it possible to 

prioritize batches. The target workload level calculation can be extended, for example with the 

interarrival time of batches or customer orders. Adding the interarrival times is expected to increase the 

utilization variance. However, this expectation is not tested during this master thesis and might provide 

some valuable information for further research. Moreover, special attention must be given to outbound 

lines with low demand as they might disturb the overall operation when the wrong prioritization is 

applied.  

Moreover, when the batch release policy is implemented and everything works accordingly, the policy 

should be evaluated again. Conditions might have changed, or the efficiency went up. It is relevant to 

periodically, i.e. monthly or quarterly, evaluate the policy and whether all deployed operators are still 

necessary. The number of times a batch is released for an outbound which did not have an undershoot 

can be used to evaluate this. Releasing batches for outbound lines without an undershoot means 

overcapacity in the picking process and these picking operators can be cut to further decrease the costs.  

Lastly, Ingram Micro is recommended to make its decisions based on facts, historical data, and real-

time information. The human factor should be eliminated as much as possible as it is not always possible 

for operators to weighing all involved aspects. Furthermore, eliminating the human factor creates a 

standardized process which delivers a constant performance.  

 

10.2 – Recommendations for academics 

During this research there were some limitations that can be addressed in further research.  

Firstly, the results are obtained with the use of historical data supplied by Ingram Micro. Calculations 

are performed on this data and that can be a limited factor. Future research could improve this master 

thesis project by creating a Monte Carlo simulation in which arrival times and processing times are 

estimated by fitting different distributions on the data. Also, future research could examine whether 

including other variables could improve the multivariate regression to estimate the batch picking time. 
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The number of aisles to visit, the height of the product in the shelves or whether a location contains only 

one kind of item or multiple items. It is likely that it takes more time to grab an item from a location 

where multiple different items are stored than from a location where a single item is stored. Despite the 

high predictive power of some estimations with only including two variables, there is still room for 

improvements. All used coefficients are significant, but the predictive power of some equations is lower 

than for others as the adjusted R² ranges between 52% and 91%.  

Secondly, this research did not consider the size of the order basket during the day and how it changed 

over the day. Academics might investigate how the workload should be divided between the day and 

evening shift. There might be an optimal point between the additional surcharges that have to be paid in 

the evening and the lower efficiency in the morning due to a lower intake. The most optimal way is to 

process everything after the order deadline when everything is known, but this would increase the 

surcharges immensely. Moreover, shipping companies are going to complain as they cannot handle so 

much in a short time frame. Therefore, a more balanced solution would be desirable.   

Lastly, academics could focus on the batching algorithm. In this research it is assumed that the batching 

algorithm performs well but no analysis is performed on the actual performance of the batching 

algorithm. Maybe the actual batching algorithm is outdated because of the many changes that have been 

made, and an even larger improvement can be achieved. Also, the batching algorithm depends on the 

location of the stored items and how they are distributed over the halls and floors. Currently it is assumed 

that products are distributed randomly over the different halls and floors. It might be interesting to 

investigate whether a different put-away policy would improve the batching algorithm and the picking 

efficiency. The put-away policy basically determines how efficiently items could be retrieved.  
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11 – Glossary  

Bookshelf line: An outbound line where medium and large sized items are manually sorted per 

order and packed by a packer. 

Catwalk: A storage area consisting of multiple floors and connected by an elevator.  

Can-go-order:   An order with a hold date later than today. 

Capacity:  The total amount of items that can be processed in practice.  

Cut-off time: The last possible moment a container with packages can be loaded into a carrier 

truck. 

Cycle count: Per period, stored items need to be counted to check whether the physical stock 

matches the stock in the database.  

Efficiency:  The total hours used divided by budgeted hours based on the processed items. 

Fulfilment:  How much of work is produced and ready for shipment on time.  

Gift cards line:  A special outbound line for activating, adding credit, and shipping gift cards. 

High value:  A special outbound line for items with a high risk of stealing. 

Hold date:   The date the items need to be handed over to the carrier company.  

Homogeneous: One type of product. 

May go orders:  Orders which have a hold date later than today and may be released in case of 

spare capacity. 

May not go orders:  Orders which have a hold date later than today but cannot be released before 

the hold date due to restrictions, for example with releases. 

Must go order:  Orders which have a hold date less than or equal to today. 

Mono: An order contains only one item. 

Multi: An order contains more than one item. 

Neopost line:  An automated outbound line which cuts custom-made boxes for large and odd-

size items. 

Omdoos line: The outbound line where mono orders are picked, and the picked items 

immediately get a shipping label.  
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Order basket: A fictive basket with the number of orders and corresponding number of items 

per outbound line which have not been combined in a batch. 

POS line: This outbound line sorts automatically single small and medium sized items per 

order and are packed by a packer. 

Practical capacity: The real capacity a picker or packing line has, considering different kind of 

delays. 

Processing rate:  The number of items that can be processed in a time unit.  

Reorder level:  The level which determines whether a new batch need to be released or not. 

Resource:  An operator is called a resource in the simulation environment.  

Smartmailer line: An automated outbound line which puts an item in an envelope and add 

corresponding shipping label. 

Starvation: The moment a process comes to a halt when there is not enough work available 

to keep operators occupied.  

Picking cart: A vehicle used to carry the picked items through the floors and halls, and 

transfer items to the outbound line. 

To-do planning: An hourly planning for every process about how much should be processed in 

a certain hour based on the forecasted items. 

Undershoot: The moment the workload position is lower than the reorder level. 

Overshoot: The workload position is higher than the reorder level and not necessarily 

requires a new batch. 

VPM line: An automated outbound line which puts single small sized items in an envelope 

and add corresponding shipping label but less sophisticated than the 

smartmailer. 

Workload position: The total sum of the work in process and the workload of the already released 

batches which are not yet arrived 

  



69 | P a g e  

 

12 – References  

Cheng, C.-Y., Chen, Y.-Y., Chen, T.-L., & Jung-Woon Yoo, J. (2015). Using a hybrid approach based 

on the particle swarm optimization and ant colony optimization to solve a joint order batching 

and picker routing problem. International Journal of Production Economics, 170, 805–814. 

https://doi.org/10.1016/j.ijpe.2015.03.021 

de Koster, R., Le-Duc, T., & Roodbergen, K. J. (2007). Design and control of warehouse order 

picking: A literature review. European Journal of Operational Research, 182(2), 481–501. 

https://doi.org/10.1016/j.ejor.2006.07.009 

De Leeuw, S., & Wiers, V. C. S. (2015). Warehouse manpower planning strategies in times of 

financial crisis: Evidence from logistics service providers and retailers in the Netherlands. 

Production Planning and Control, 26(4), 328–337. 

https://doi.org/10.1080/09537287.2014.904531 

Gademann, N., & van de Velde, S. (2005). Order batching to minimize total travel time in a parallel-

aisle warehouse. IIE Transactions, 37(1), 63–75. https://doi.org/10.1080/07408170590516917 

Henn, S., & Schmid, V. (2013). Metaheuristics for order batching and sequencing in manual order 

picking systems. Computers & Industrial Engineering, 66(2), 338–351. 

https://doi.org/10.1016/j.cie.2013.07.003 

Kim, T. Y. (2020). Improving warehouse responsiveness by job priority management: A European 

distribution centre field study. Computers & Industrial Engineering, 139, 105564. 

https://doi.org/10.1016/j.cie.2018.12.011 

Lam, H. Y., Choy, K. L., Ho, G. T. S., Cheng, S. W. Y., & Lee, C. K. M. (2015). A knowledge-based 

logistics operations planning system for mitigating risk in warehouse order fulfillment. 

International Journal of Production Economics, 170, 763–779. 

https://doi.org/10.1016/j.ijpe.2015.01.005 

Leung, K. H., Cheng, S. W. Y., Choy, K. L., Wong, D. W. C., Lam, H. Y., Hui, Y. Y. Y., Tsang, Y. 

P., & Tang, V. (2016). A Process-Oriented Warehouse Postponement Strategy for E-Commerce 

Order Fulfillment in Warehouses and Distribution Centers in Asia. In Managerial Strategies and 

Solutions for Business Success in Asia (pp. 21–34). https://doi.org/10.4018/978-1-5225-1886-

0.ch002 

Leung, K. H., Choy, K. L., Siu, P. K. Y., Ho, G. T. S., Lam, H. Y., & Lee, C. K. M. (2018). A B2C e-

commerce intelligent system for re-engineering the e-order fulfilment process. Expert Systems 

with Applications. https://doi.org/10.1016/j.eswa.2017.09.026 



70 | P a g e  

 

Manzini, R., Bozer, Y., & Heragu, S. (2015). Decision models for the design, optimization and 

management of warehousing and material handling systems. In International Journal of 

Production Economics. https://doi.org/10.1016/j.ijpe.2015.08.007 

Missbauer, H. (2009). Models of the transient behaviour of production units to optimize the aggregate 

material flow. International Journal of Production Economics. 

https://doi.org/10.1016/j.ijpe.2008.11.014 

Mitroff, I. I., Betz, F., Pondy, L. R., & Sagasti, F. (1974). On Managing Science in the Systems Age: 

Two Schemas for the Study of Science as a Whole Systems Phenomenon. Interfaces, 4(3), 46–

58. https://doi.org/10.1287/inte.4.3.46 

Pang, G., & Muyldermans, L. (2013). Vehicle routing and the value of postponement. Journal of the 

Operational Research Society, 64(9), 1429–1440. https://doi.org/10.1057/jors.2012.109 

Ucar, I., Smeets, B., & Azcorra, A. (2019). simmer : Discrete-Event Simulation for R. Journal of 

Statistical Software, 90(2). https://doi.org/10.18637/jss.v090.i02 

Van den Berg, J. P. (2007). Integral Warehouse Management: The Next Generation in Transparency, 

Collaboration and Warehouse Management Systems. Management Outlook. 

Van Nieuwenhuyse, I., de Koster, R., & Colpaert, J. (2007). Order batching in multi-server pick-and-

sort warehouses. Dtew - Kbi_0731. 

Won, J., & Olafsson, S. (2005). Joint order batching and order picking in warehouse operations. 

International Journal of Production Research, 43(7), 1427–1442. 

https://doi.org/10.1080/00207540410001733896 

 

  



71 | P a g e  

 

Appendix A – Batch Type Description  
 

Table 21: Batch type description 

Batch type Description 

1 POS mono 

2 POS multi 

3 Bookshelf mono 

4 Bookshelf multi 

5 Same day 

6 Smartmailer 

7 VPM 

8 High Value mono 

9 High Value multi 

10 Giftcard mono 

11 Giftcard multi 

12 Neopost 

13 Omdoos 
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Appendix B – Multivariate OLS regression 
 

This appendix is aimed at modeling the batch picking time as a function of the number of locations to 

visit or the number of items in a batch (size) and the travel distance to collect all the items. The variables 

number of locations to visit and the batch size are not together used in the same regression due to high 

correlation between both variables (Appendix C). To determine which variable is used, e.g. number of 

locations or batch size, the adjusted R² and significance level of both models is analyzed and the model 

with the highest value/significance is used. 

A multivariate OLS regression is used to fit a curve to the historical batch picking times. Different 

patterns and relationships can be found simultaneously between several variables when using a 

multivariate regression model. Furthermore, it provides a more accurate prediction of the behavior than 

a univariate regression model. The historical batch picking times suggest that the more items are in a 

batch/locations to visit, the longer it takes to collect all the items. This makes sense as more locations 

must be visited, more distance is covered. Traveling takes time which increases the batch picking time.  

A model that includes multiple variables with a linear behavior is a multivariate linear regression model 

specified in Equation B1 and B2. The test results of the regression models are displayed in Appendix D. 

𝐵𝑎𝑡𝑐ℎ𝑃𝑖𝑐𝑘𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑖 = α + β ∗ 𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛𝑠𝑖 + γ ∗ 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖 + 𝜀𝑖                           (B1) 

𝐵𝑎𝑡𝑐ℎ𝑃𝑖𝑐𝑘𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑖 = α + β ∗ 𝑠𝑖𝑧𝑒𝑖 + γ ∗ 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖 + 𝜀𝑖                               (B2) 

Where 𝐵𝑎𝑡𝑐ℎ𝑃𝑖𝑐𝑘𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑖 is the batch picking time of batch 𝑖, 𝛼 is the intercept of the regression, 𝛽 

is the regression coefficient for the variable locations or size, 𝛾 is the regression coefficient for the 

variable distance, and 𝜀𝑖 is mean zero, finite variance error term.  

The batch picking time is defined as follows (Equation B3): 

𝐵𝑎𝑡𝑐ℎ𝑃𝑖𝑐𝑘𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑖 = 𝐹𝑖𝑛𝑎𝑙𝑆𝑡𝑎𝑔𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝𝑖 − 𝐿𝑜𝑎𝑑𝑒𝑑𝑇𝑜𝑆𝑐𝑎𝑛𝑛𝑒𝑟𝑇𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝𝑖      (B3) 

Where 𝐵𝑎𝑡𝑐ℎ𝑃𝑖𝑐𝑘𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑖 is the batch picking time of batch 𝑖, 𝐹𝑖𝑛𝑎𝑙𝑆𝑡𝑎𝑔𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝𝑖 is the 

moment a trolley with batch 𝑖 is staged for transport, and 𝐿𝑜𝑎𝑑𝑒𝑑𝑇𝑜𝑆𝑐𝑎𝑛𝑛𝑒𝑟𝑇𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝𝑖 is the 

moment a picker receives batch 𝑖. This variable is measured in minutes. 

Locations is defined by the number of different locations to visit when picking a batch. This variable is 

measured by integers.  

Distance is defined by the total travel distance a picker should cover when retrieving the items of a 

batch. This variable is measured in meters. 
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Appendix C – Pairwise correlations  
In this appendix the pairwise correlations of different variables, relevant for the simulation, are given. Where id is the batch identifier, arrivalMoment is the 

moment of batch release, size gives the number of items in a batch, historicalPickingTime is the historical batch picking time, outboundLine is the batch 

processing line, locations is the number of locations to visit when collecting the items, and distance is the total batch travel distance.  

Table 22: Pairwise correlations, December 2019 

Variables id arrivalMoment size historicalPicking 

Time 

outboundLine locations distance 

id 1.0000 
      

arrivalMoment 0.9965 1.0000 
     

size -0.0014 -0.0035 1.0000 
    

historicalPicking 

Time 

-0.0378 -0.0408 0.6710 1.0000 
   

outboundLine 0.0347 0.0355 -0.4380 -0.3704 1.0000 
  

locations -0.0065 -0.0086 0.9107 0.7883 -0.4233 1.0000 
 

distance -0.0418 -0.0436 0.3834 0.7789 -0.3722 0.4967 1.0000 

 

Table 23: Pairwise correlations, January 2020 

 
id arrivalMoment size historicalPicking

Time 

outboundLine locations distance 

id 1.0000       

arrivalMoment 0.9996 1.0000      

size 0.0042 0.0068 1.0000     

historicalPicking

Time 

-0.0223 -0.0214 0.7132 1.0000    

outboundLine 0.0094 0.0102 -0.4916 -0.4046 1.0000   

locations 0.0207 0.0224 0.9468 0.7809 -0.4496 1.0000  

distance 0.0001 -0.0007 0.4514 0.8003 -0.4157 0.5124 1.0000 
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Appendix D – Picking time estimation results 

In this appendix are the different regression outputs displayed to estimate the different batch picking 

times, i.e. per outbound line and per month. Each data set is tested for linearity, homoscedasticity, 

independence, normality, and multicollinearity. Initially the assumption of homoscedasticity did not 

hold. Robust standard errors used to correct for it so that the homoscedasticity assumptions holds. 

Furthermore, normality can be assumed due to the central limit theorem. All samples are larger than 30 

observations. Lastly, the samples are tested for multicollinearity with the variance inflation factor (VIF). 

The results show that there is no multicollinearity among the samples.  

 

Table 24: Regression output outbound line 1, December 2019 

 Estimate 

Robust 

Std. Error t-value Pr(>|t|) Significance 

(Intercept) 2.4773 0.1306 18.974 0.0000 *** 

locations 0.4382 0.0044 99.140 0.0000 *** 

distance 0.0050 0.0002 19.844 0.0000 *** 
Significance levels are denoted by ***, **, and * for 1%, 5%, and 10% respectively, adjusted R² = 0.7296, VIF = 1.268 

𝐵𝑎𝑡𝑐ℎ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (𝑚𝑖𝑛)1 = 2.4773 + 0.4382 ∗ 𝑙 + 0.0050 ∗ 𝑑 + 𝜀 

 

Table 25: Regression output outbound line 1, January 2020 

 Estimate 

Robust 

Std. Error t-value Pr(>|t|) Significance 

(Intercept) 3.2144 0.1439 22.335 0.0000 *** 

locations 0.3485 0.0039 89.844 0.0000 *** 

distance 0.0054 0.0003 19.732 0.0000 *** 
Significance levels are denoted by ***, **, and * for 1%, 5%, and 10% respectively, adjusted R² = 0.7250, VIF = 1.230 

𝐵𝑎𝑡𝑐ℎ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (𝑚𝑖𝑛)1 = 3.2144 + 0.3485 ∗ 𝑙 + 0.0054 ∗ 𝑑 + 𝜀 

 

Table 26: Regression output outbound line 2, December 2019 

 Estimate 

Robust 

Std. Error t value Pr(>|t|) Significance 

(Intercept) -0.6988 0.1271 -5.499 0.0000 *** 

locations 0.4060 0.0051 79.487 0.0000 *** 

distance 0.0112 0.0001 76.112 0.0000 *** 
Significance levels are denoted by ***, **, and * for 1%, 5%, and 10% respectively, adjusted R² = 0.7652, VIF = 1.342 

𝐵𝑎𝑡𝑐ℎ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (𝑚𝑖𝑛)2 = −0.6988 + 0.4060 ∗ 𝑙 + 0.0112 ∗ 𝑑 +  𝜀 
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Table 27: Regression output outbound line 2, January 2020 

 Estimate 

Robust 

Std. Error t value Pr(>|t|) Significance 

(Intercept) -0.7950 0.1621 -4.906 0.0000 *** 

size 0.2674 0.0051 52.563 0.0000 *** 

distance 0.0115 0.0002 67.380 0.0000 *** 
Significance levels are denoted by ***, **, and * for 1%, 5%, and 10% respectively, adjusted R² = 0.7179, VIF = 1.267 

𝐵𝑎𝑡𝑐ℎ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (𝑚𝑖𝑛)2 = −0.7950 + 0.2674 ∗ 𝑠 + 0.0115 ∗ 𝑑 +  𝜀 

 

Table 28: Regression output outbound line 3, December 2019 

 Estimate 

Robust 

Std. Error t value Pr(>|t|) Significance 

(Intercept) 3.2965 0.0886 37.217 0.0000 *** 

locations 0.3772 0.0066 56.981 0.0000 *** 

distance 0.0074 0.0002 30.479 0.0000 *** 
Significance levels are denoted by ***, **, and * for 1%, 5%, and 10% respectively, adjusted R² = 0.6692, VIF = 2.024 

𝐵𝑎𝑡𝑐ℎ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (𝑚𝑖𝑛)3 = 3.2965 + 0.3772 ∗ 𝑙 + 0.0074 ∗ 𝑑 +  𝜀 

 

Table 29: Regression output outbound line 3, January 2020 

 Estimate 

Robust 

Std. Error t value Pr(>|t|) Significance 

(Intercept) 3.2108 0.0922 34.820 0.0000 *** 

locations 0.3162 0.0053 59.416 0.0000 *** 

distance 0.0074 0.0002 33.227 0.0000 *** 
Significance levels are denoted by ***, **, and * for 1%, 5%, and 10% respectively, adjusted R² = 0.6703, VIF = 1.451 

𝐵𝑎𝑡𝑐ℎ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (𝑚𝑖𝑛)3 = 3.2108 + 0.3162 ∗ 𝑙 + 0.0074 ∗ 𝑑 +  𝜀 

 

Table 30: Regression output outbound line 4, December 2019 

 Estimate 

Robust 

Std. Error t value Pr(>|t|) Significance 

(Intercept) 0.8698 0.0540 16.120 0.0000 *** 

locations 0.4380 0.0072 61.103 0.0000 *** 

distance 0.0124 0.0001 114.540 0.0000 *** 
Significance levels are denoted by ***, **, and * for 1%, 5%, and 10% respectively, adjusted R² = 0.8311, VIF = 1.999 

𝐵𝑎𝑡𝑐ℎ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (𝑚𝑖𝑛)4 = 0.8698 + 0.4380 ∗ 𝑙 + 0.0124 ∗ 𝑑 +  𝜀 
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Table 31: Regression output outbound line 4, January 2020 

 Estimate 

Robust 

Std. Error t value Pr(>|t|) Significance 

(Intercept) 0.8011 0.0480 16.686 0.0000 *** 

locations 0.2795 0.0064 43.175 0.0000 *** 

distance 0.0138 0.0001 121.314 0.0000 *** 
Significance levels are denoted by ***, **, and * for 1%, 5%, and 10% respectively, adjusted R² = 0.8589, VIF = 2.153 

𝐵𝑎𝑡𝑐ℎ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (𝑚𝑖𝑛)4 = 0.8011 + 0.2795 ∗ 𝑙 + 0.0138 ∗ 𝑑 +  𝜀 

 

Table 32: Regression output outbound line 5, December 2019 

 Estimate 

Robust 

Std. Error t value Pr(>|t|) Significance 

(Intercept) 2.042 0.2059 9.917 0.0005 *** 

locations 0.3454 0.0050 69.284 0.0000 *** 

distance 0.0086 0.0004 23.262 0.0000 *** 
Significance levels are denoted by ***, **, and * for 1%, 5%, and 10% respectively, adjusted R² = 0.8219, VIF = 1.077 

𝐵𝑎𝑡𝑐ℎ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (𝑚𝑖𝑛)5 = 2.042 + 0.3454 ∗ 𝑙 + 0.0086 ∗ 𝑑 +  𝜀 

 

Table 33: Regression output outbound line 5, January 2020 

 Estimate 

Robust 

Std. Error t value Pr(>|t|) Significance 

(Intercept) 2.0286 0.1955 10.379 0.0000 *** 

locations 0.2756 0.0047 58.140 0.0000 *** 

distance 0.0080 0.0004 20.994 0.0000 *** 
Significance levels are denoted by ***, **, and * for 1%, 5%, and 10% respectively, adjusted R² = 0.8659, VIF = 1.123 

𝐵𝑎𝑡𝑐ℎ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (𝑚𝑖𝑛)5 = 2.0286 + 0.2756 ∗ 𝑙 + 0.0080 ∗ 𝑑 +  𝜀 

 

Table 34: Regression output outbound line 7, December 2019 

 Estimate 

Robust 

Std. Error t value Pr(>|t|) Significance 

(Intercept) 1.3878 0.1064 13.048 0.0000 *** 

locations 0.2038 0.0124 16.478 0.0000 *** 

distance 0.0058 0.0012 4.971 0.0000 *** 
Significance levels are denoted by ***, **, and * for 1%, 5%, and 10% respectively, adjusted R² = 0.7284, VIF = 4.817 

𝐵𝑎𝑡𝑐ℎ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (𝑚𝑖𝑛)7 = 1.3878 + 0.2038 ∗ 𝑙 + 0.0058 ∗ 𝑑 +  𝜀 
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Table 35: Regression output outbound line 7, January 2020 

 Estimate 

Robust 

Std. Error t value Pr(>|t|) Significance 

(Intercept) -0.8517 0.1701 -5.067 0.0000 *** 

size 0.0611 0.0040 15.352 0.0000 *** 

distance 0.0226 0.0007 32.639 0.0000 *** 
Significance levels are denoted by ***, **, and * for 1%, 5%, and 10% respectively, adjusted R² = 0.6966, VIF = 1.099 

𝐵𝑎𝑡𝑐ℎ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (𝑚𝑖𝑛)7 = −0.8517 + 0.0611 ∗ 𝑠 + 0.0226 ∗ 𝑑 +  𝜀 

 

Table 36: Regression output outbound line 8, December 2019 

 Estimate 

Robust 

Std. Error t value Pr(>|t|) Significance 

(Intercept) 0.3302 0.1178 2.804 0.0051 *** 

locations 0.1555 0.0134 11.635 0.0000 *** 

distance 0.0145 0.0003 51.156 0.0000 *** 
Significance levels are denoted by ***, **, and * for 1%, 5%, and 10% respectively, adjusted R² = 0.9041, VIF = 4.395 

𝐵𝑎𝑡𝑐ℎ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (𝑚𝑖𝑛)8 = 0.3302 + 0.1555 ∗ 𝑙 + 0.0145 ∗ 𝑑 +  𝜀 

 

Table 37: Regression output outbound line 8, January 2020 

 Estimate 

Robust 

Std. Error t value Pr(>|t|) Significance 

(Intercept) 0.8092 0.1762 4.593 0.0000 *** 

locations 0.1386 0.0175 7.910 0.0000 *** 

distance 0.0130 0.0004 32.159 0.0000 *** 
Significance levels are denoted by ***, **, and * for 1%, 5%, and 10% respectively, adjusted R² = 0.8829, VIF = 3.404 

𝐵𝑎𝑡𝑐ℎ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (𝑚𝑖𝑛)8 = 0.8092 + 0.1386 ∗ 𝑙 + 0.0130 ∗ 𝑑 +  𝜀 

 

Table 38: Regression output outbound line 10, December 2019 

 Estimate 

Robust 

Std. Error t value Pr(>|t|) Significance 

(Intercept) -1.0026 0.1084 -9.246 0.0000 *** 

size 0.3131 0.0305 10.271 0.0009 *** 

distance 0.0130 0.0004 29.370 0.0000 *** 
Significance levels are denoted by ***, **, and * for 1%, 5%, and 10% respectively, adjusted R² = 0.9060, VIF = 6.544 

𝐵𝑎𝑡𝑐ℎ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (𝑚𝑖𝑛)10 = −1.0026 + 0.3131 ∗ 𝑠 + 0.0130 ∗ 𝑑 +  𝜀 
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Table 39: Regression output outbound line 10, January 2020 

 Estimate Std. Error t value Pr(>|t|) Significance 

(Intercept) -0.5755 0.1531 -3.759 0.0000 *** 

size 0.2004 0.0358 5.603 0.0000 *** 

distance 0.0131 0.0005 24.184 0.0000 *** 
Significance levels are denoted by ***, **, and * for 1%, 5%, and 10% respectively, adjusted R² = 0.8797, VIF = 4.419 

𝐵𝑎𝑡𝑐ℎ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (𝑚𝑖𝑛)10 = −0.5755 + 0.2004 ∗ 𝑠 + 0.0131 ∗ 𝑑 +  𝜀 

 

Table 40: Regression output outbound line 11, December 2019 

 Estimate 

Robust 

Std. Error t value Pr(>|t|) Significance 

(Intercept) 2.2332 0.1072 20.828 0.0000 *** 

locations 0.3370 0.0111 30.250 0.0000 *** 

distance 0.0135 0.0002 61.004 0.0000 *** 
Significance levels are denoted by ***, **, and * for 1%, 5%, and 10% respectively, adjusted R² = 0.6905, VIF = 1.449 

𝐵𝑎𝑡𝑐ℎ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (𝑚𝑖𝑛)11 = 2.2332 + 0.3370 ∗ 𝑙 + 0.0135 ∗ 𝑑 +  𝜀 

 

Table 41: Regression output outbound line 11, January 2020 

 Estimate 

Robust 

Std. Error t value Pr(>|t|) Significance 

(Intercept) 2.5359 0.1324 19.154 0.0000 *** 

locations 0.2577 0.0104 24.810 0.0000 *** 

distance 0.0124 0.0002 50.172 0.0000 *** 
Significance levels are denoted by ***, **, and * for 1%, 5%, and 10% respectively, adjusted R² = 0.6137, VIF = 1.232 

𝐵𝑎𝑡𝑐ℎ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (𝑚𝑖𝑛)11 = 2.5359 + 0.2577 ∗ 𝑙 + 0.0124 ∗ 𝑑 +  𝜀 

Table 42: Regression output outbound line 12, December 2019 

 Estimate 

Robust 

Std. Error t value Pr(>|t|) Significance 

(Intercept) 1.2034 0.0507 23.737 0.0000 *** 

locations 0.6949 0.0061 112.486 0.0000 *** 

distance 0.0127 0.0002 68.494 0.0000 *** 
Significance levels are denoted by ***, **, and * for 1%, 5%, and 10% respectively, adjusted R² = 0.5226, VIF = 1.085 

𝐵𝑎𝑡𝑐ℎ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (𝑚𝑖𝑛)12 = 1.2034 + 0.6949 ∗ 𝑙 + 0.0127 ∗ 𝑑 +  𝜀 

Table 43: Regression output outbound line 12, January 2020 

 Estimate 

Robust 

Std. Error t value Pr(>|t|) Significance 

(Intercept) 1.1089 0.0506 21.915 0.0000 *** 

locations 0.6442 0.0064 101.259 0.0000 *** 

distance 0.0117 0.0002 52.906 0.0000 *** 
Significance levels are denoted by ***, **, and * for 1%, 5%, and 10% respectively, adjusted R² = 0.5323, VIF = 1.130 

𝐵𝑎𝑡𝑐ℎ 𝑝𝑖𝑐𝑘𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (𝑚𝑖𝑛)12 = 1.1089 + 0.6442 ∗ 𝑙 + 0.0117 ∗ 𝑑 +  𝜀 
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Appendix E – Detailed simulation procedure and design 

A discrete event simulation is used based on historical data to test the model. Using this data, i.e. true 

historical batch picking times and true batch arrival times, makes it possible to analyze Ingram Micro’s 

exact process behavior. Perhaps it occurred that on some day customers bought more items which should 

be processed at a particular outbound line compared to the others. Also, specific weather conditions 

could have influenced the processing times. Moreover, using the exact data allows to capture the 

batching behavior, i.e. release of batches, of batching operators. On the contrary, the generalizability of 

the research may decrease due to the use of exact data. Despite the potential decrease in generalizability, 

valuable company specific behavior is included and would otherwise result in a loss of information. The 

Simmer package (Ucar et al., 2019) for R is used as the simulation tool.  

A base case simulation using the current batch release policy is set by the described steps below. This 

base case simulation and the accompanied data and capacities is later used with the new batch release 

policy to examine the difference between the two policies, i.e. current batch release policy and newly 

developed batch release policy.  

• Set up the process environment, as discussed in Section 3.3, in R using the Simmer package and 

program the current batch release policy. 

• Load the historical batch data with the following variables: arrival moment, batch size (number 

of items in the batch), cut off time, historical picking time, outbound line, batch type, locations, 

and distance. 

• Load the historical capacities with respect to number of operators per shift and adjust it for 

breaks. 

• Run the simulation and obtain the utilizations per shift of each pick region. 

• Adjust the number of picking operators per shift such that the highest utilization of the eight 

regions is around 80%. Each picking region keeps the same number of operators.  

• Rerun the simulation with the new picking capacities and adjust the number of operators per 

outbound line such that the utilizations are around 80% and 99.5% of the batches are finished 

on time.  

• Obtain per simulated day the hourly utilizations of outbound lines, the batch waiting time, the 

number of tardy batches, and the picking- and throughput time (i.e. from the start of picking 

until the end of packing) for each batch.  

The process environment mentioned above can be further explained. In Section 3.3 is a graphical 

representation of the processes given and the connection between the process steps and these steps are 

incorporated in the simulation. The main structure (flowchart) of the simulation is shown in Figure 16. 

The simulation starts with the import of historical batch data which are converted to batches in the 

simulation environment.   
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Figure 16: The main structure of the simulation model 

The historical data set contains the arrival time of each batch 𝑖. Batch 𝑖 is imported at the arrival time 

which prespecified and batches are created in the simulation environment. The historical data set 

contains besides the arrival time, i.e. batch release, also the size of the batch, the cut-off time of the batch, 

the historical picking time, the outbound line where the batch should be processed, batch type, locations 

to visit and the distance to travel. Depending on the used batch release policy, batches have to wait or 

can continue immediately, and signals are sent to receive/request a new batch. As the simulation 

advances, variables with respect to capacity and 𝑊𝑃 are updated, processing times are calculated, and 

batches are transferred along the different process steps.  
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The simulation can run for a random number of days which need to be specified upfront and ends when 

the corresponding time stamp is reached. This time stamp is based on the end of the last shift. When the 

simulation is terminated Simmer stores output in a data frame. The output includes: 

• Used batch release policy 

• Period (i.e. peak or non-peak) 

• Used efficiency increase 

• Day count 

• Processed batches total 

• Processed batches per outbound line 

• The number of tardy batches 

• Percentage tardy batches 

• Minimal and maximum picking utilization per shift and per region 

• Utilization per outbound and per shift 

• 𝑊𝑃 at the end of each day 

Whereby 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑡𝑎𝑟𝑑𝑦 𝑏𝑎𝑡𝑐ℎ𝑒𝑠 =
# 𝑡𝑎𝑟𝑑𝑦 𝑏𝑎𝑡𝑐ℎ𝑒𝑠

# 𝑡𝑜𝑡𝑎𝑙 𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑒𝑑 𝑏𝑎𝑡𝑐ℎ𝑒𝑠
                                      (E1) 

The flowchart displayed in Figure 18 comprises five different processes, i.e. import, picking, transport, 

sorting, and packing. Each process is now explained in more detail. The import process starts with the 

import of historical data as specified above. Each imported data row resembles a batch and each batch 

get the attributes id and region. The attribute id is an increasing counter and the attribute region ranges 

between 1 and 8, resembling the regions in the warehouse. Batches are distributed over the regions under 

the round-robin policy. Batches are directed to the regions based on the attribute region where they wait 

for the next decision or continue. The batch release policy determines whether a batch can continue or 

needs to wait. In the base case scenario, all batches continue immediately where batches in principle 

have to wait under the new batch release policy. Under the new policy batches continue immediately 

only when a picker is available, and no other batches are waiting.  

A batch comes in the picking process after it had permission to continue. Subsequently, it receives the 

attribute ArrivalTimeBatchQueue (time stamp) and joins the batch queue. Batches are removed from the 

batch queue in a FCFS order and assigned to a picker when one becomes available. If that happens, a 

new attribute called StartPicking (time stamp) is given to the batch, the number of available pickers is 

decreases by one, and the 𝑊𝑃𝑗 is increased. The picker is now occupied with picking and has a timeout 

equal to the historical picking time or the estimated batch picking time plus or minus some random 

value. Which time is used depends on the simulation parameters. After the timeout the batch gets the 

attribute EndPicking (time stamp), the number of available pickers is increased by one, and under the 
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new policy a signal is sent to request for a new batch as the batch queue is empty. An already created 

but not released batch is requested. Which batch is chosen from the available batches depends on the 

results of the new batch release policy evaluation.  

Based on the batch’s attributes received during the picking process, the batch waiting time and picking 

time of batch 𝑖 can be calculated as follows: 

𝐵𝑎𝑡𝑐ℎ𝑊𝑎𝑖𝑡𝑖𝑛𝑔𝑡𝑖𝑚𝑒𝑖 = 𝑆𝑡𝑎𝑟𝑡𝑃𝑖𝑐𝑘𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑖 − 𝐴𝑟𝑟𝑖𝑣𝑎𝑙𝑇𝑖𝑚𝑒𝐵𝑎𝑡𝑐ℎ𝑄𝑢𝑒𝑢𝑒𝑖             (E2) 

𝑃𝑖𝑐𝑘𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑖 = 𝐸𝑛𝑑𝑃𝑖𝑐𝑘𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑖 − 𝑆𝑡𝑎𝑟𝑡𝑃𝑖𝑐𝑘𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑖                         (E3) 

After assigning a batch to a picker the 𝑊𝑃𝑗 needs to be increased and the expected picking time needs 

to be calculated. The new 𝑊𝑃𝑗 is calculated as follows: 

𝑊𝑃𝑗,𝑡 = 𝑊𝑃𝑗,𝑡−1 + 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝑃𝑎𝑐𝑘𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑖,𝑗                                         (E4) 

Where 

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝑃𝑎𝑐𝑘𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑖,𝑗 = 𝑠𝑖𝑧𝑒𝑖 ∗ 𝑃𝑎𝑐𝑘𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑗                             (E6) 

𝑊𝑃𝑗,𝑡 stands for the workload position of outbound line 𝑗 at time 𝑡, 𝑊𝑃𝑗,𝑡−1 stands for the workload 

position of outbound line 𝑗 at time 𝑡 − 1, 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝑃𝑎𝑐𝑘𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑖,𝑗 is the expected packing time of 

batch 𝑖 for outbound line 𝑗, 𝑠𝑖𝑧𝑒𝑖 is the number of items in batch 𝑖, and 𝑃𝑎𝑐𝑘𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑗 gives the packing 

time per item of outbound line 𝑗. 

The expected picking time is calculated as follows: 

 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝑃𝑖𝑐𝑘𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑖 = {
𝐻𝑖𝑠𝑡𝑜𝑟𝑖𝑐𝑎𝑙𝑃𝑖𝑐𝑘𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑖 ,                         𝑖𝑓 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑟𝑒𝑙𝑒𝑎𝑠𝑒 𝑝𝑜𝑙𝑖𝑐𝑦

𝛼𝑗 +  𝛽𝑗 ∗ 𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛𝑠𝑖 + 𝛾𝑗 ∗ 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑗 + 𝜀, 𝑖𝑓 𝑛𝑒𝑤 𝑟𝑒𝑙𝑒𝑎𝑠𝑒 𝑝𝑜𝑙𝑖𝑐𝑦  
     (E7) 

Where 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝑃𝑖𝑐𝑘𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑖 is the expected picking time of batch 𝑖, 𝐻𝑖𝑠𝑡𝑜𝑟𝑖𝑐𝑎𝑙𝑃𝑖𝑐𝑘𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑖 is the 

historical picking time of batch 𝑖, 𝛼𝑗 is the intercept of outbound line 𝑗, 𝛽𝑗 is the regression coefficient 

for the variable locations of outbound line 𝑗, 𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛𝑠𝑖 give the number of locations to visit for batch 

𝑖, 𝛾𝑗 is the regression coefficient for the variable distance of outbound line 𝑗, 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑗 gives the distance 

to travel for batch 𝑖, and 𝜀 is the error term.  

When the batch is picked and staged for transport, the batch goes to the next process, i.e. transport. The 

transport time of a batch is based on the batch’s attribute outbound line. Afterwards, the batch arrives at 

the next process and it is determined whether the batch needs a sorting operation. The attribute outbound 

line indicates whether this is the case or not. If needed, the batch has a small time which is calculated 

based on the size of a batch and the outbound line. Otherwise the batch continues to the last process, i.e. 

packing.  

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝑆𝑜𝑟𝑡𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑖,𝑗 = 𝑠𝑖𝑧𝑒𝑖 ∗ 𝑆𝑜𝑟𝑡𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑗                             (E8) 
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Where 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝑆𝑜𝑟𝑡𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑖,𝑗 is the expected sorting time of batch 𝑖 required for outbound line 𝑗, 

𝑠𝑖𝑧𝑒𝑖 is the number of items in batch 𝑖, and 𝑆𝑜𝑟𝑡𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑗 gives the sorting time per item of outbound 

line 𝑗.  

When the batch arrives at the last process, firstly the batch joins the picked batch queue and waits there 

until a packer becomes available. Batches which are time constrained have priority over the others and 

come in front of the queue, others are processes via a FCFS policy. After a packer becomes available, 

the batch is removed from the queue and assigned to a packer. Subsequently, the number of available 

packers is decreased by one. Now the packer is busy with processing the batch, equal to the 

ExpectedPackingTime (Equation E6). When the batch is completely processed, it gets the attribute 

FinishTtime which indicate the time a batch is finished. Also, the number of available pickers is 

increased and the 𝑊𝑃𝑗 of outbound line 𝑗 is decreased with the expected packing time. Lastly, the batch 

characteristics are stored in a data frame and contains information about the batch waiting time, picking 

time, and throughput time. At this point the batch has go through all the different processes steps, i.e. 

from batching to packing.  

The new workload position (WP) and the throughput time are calculated as follows: 

𝑊𝑃𝑗,𝑡 = 𝑊𝑃𝑗,𝑡−1 − 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝑃𝑎𝑐𝑘𝑖𝑛𝑔𝑇𝑖𝑚𝑒𝑖                                         (E9) 

𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡𝑇𝑖𝑚𝑒𝑖 = 𝐹𝑖𝑛𝑖𝑠ℎ𝑇𝑖𝑚𝑒𝑖 − 𝐴𝑟𝑟𝑖𝑣𝑎𝑙𝑇𝑖𝑚𝑒𝐵𝑎𝑡𝑐ℎ𝑄𝑢𝑒𝑢𝑒𝑖                           (E10) 
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Appendix F – Batch interarrival time 
 

Table 44: Batch interarrival times per outbound line 

Outbound line Mean Standard deviation 

1 3.40 8.55 

2 3.54 8.91 

3 3.04 8.70 

4 1.48 5.73 

5 11.52 24.56 

7 30.75 51.21 

8 15.62 50.28 

10 25.25 45.42 

11 6.68 15.77 

12 1.70 10.22 

 

 

 

Appendix G – Utilization variances analysis on outbound line level 

The following figures display the average utilization over the day on outbound line level. On each page, 

the first two figures display the results of December 2019 and the other two figures display the results 

of January 2020.   
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