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Abstract 

This master thesis analyzed what effect a global sequencing method and a three-class, across-
aisle, turnover storage location assignment policy (SLAP) has on the performance of a large, 

multi-aisle, multi-deep automated storage and retrieval system (ASRS) warehouse. The effect of 

the above mentioned control policies was measured by running three high-detailed, discrete 

event simulations (DES). The goal of the first simulation was to reflect reality, with a first-come-

first-serve sequence policy and a random SLAP. The second and third DESs, where reflecting the 

performance of the warehouse after implementation of the global sequencing method, and the 

across-aisle, three-classes turnover SLAP, respectively. The developed global sequencing method 

is a buffer assignment algorithm that determines in which sequence, orders should be assigned 

to which buffers and considers overall warehouse performance instead of only optimizing per 

order. When the performance of the different DESs were compared, it was concluded that a 

combination of the global sequencing method and developed SLAP was performing best, 

especially in increasing throughput capacity.  
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Executive summary 

This thesis focusses on increasing throughput of a multi-aisle, multi-deep automated storage and 
retrieval (ASRS) warehouse of the company Lineage Logistics without acquiring extra capital 

goods. Lineage Logistics is the largest cold and freeze warehousing and logistics provider in the 

world with over 260 warehouses in North America, Europe, Asia, and Australia. The warehouse 

where this thesis is conducted on, is located in Bergen op Zoom and consists of 12 stacker cranes 

which have multi-deep racks on both sides where pallets can be stored and retrieved in multi-

deep racks. Orders are prepared in preparation buffers and the demanded pallets are transported 

by conveyor belts from the stacker crane to the preparation buffers. The warehouse consists of 

four phases whereby every phase has stacker cranes and preparation buffers, except for phase 2 

which has no preparation buffers.   

Problem definition 

In 2018, the warehouse in Bergen op Zoom had serious service rate problems, with a 55.73% of 

orders that were prepared on time (OTP) in May 2018. In order to increase the OTP, a stricter slot 

scheme was introduced whereby the number of outbound orders were limited. This introduced 

slot scheme resulted in an OTP of higher than 95%, as agreed with the clients. The clients were 

satisfied with these results, but demanded increased outbound quantities in the future, especially 

in high season. This resulted in the following main research questions: 

How can the throughput of the warehouse be increased in order to raise the number of 

outbound orders per hour while satisfying an 95% OTP?  

Since it is not possible to expand the warehouse or make adaptations within the warehouse 

layout, the order preparation process should be improved in order to increase the throughput 

capacity. In order to do so, inefficiencies within the order preparation process had to be analyzed 

first. This analysis showed that there was a lot of variability within order preparation times and 

that this caused large safety margins to guarantee the 95% OTP. This high variability in order 

preparation times were mainly caused by “bad buffer assignments”, “congestion on the conveyor 

belt”, and “long waiting times at certain cranes”.  

Research design 

In order to increase throughput, two improvement suggestions were proposed inspired by 

literature. Namely, a global sequencing method in the form of a buffer assignment algorithm 

(BAA) and a across-aisle, three-class turnover storage location assignment policy (SLAP). The 

effect of these improvement suggestions are measured in the form of three high-detailed discrete 

event simulations (DES). The DESs consist of the actual warehouse layout, actual crane speed 

characteristics with acceleration and deceleration. Moreover, actual crane failures, pallet 

locations, demand data, and market characteristics are implemented. In Table 0.1 the differences 

between the three simulations are presented.  

Firstly, the current performance is replicated by the first DES and is called the as-is simulation. 

This simulation contains also the actual time and buffer the orders are assigned to. Secondly, the 

buffer assignment algorithm is implemented in the as-is simulation. This means that in this BAA 

simulation, the actual buffer assignments are replaced by the algorithm that assigns orders 

automatically to buffers. Lastly, the actual pallet locations in the BAA simulation are replaced by 

how the pallet should be stored according the proposed SLAP. First, the result of the as-is 
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simulation is compared with actual performance. Then, the performance of the three simulations 

are compared with each other.  

Table 0.1 Design discrete event simulations 

 As-is simulation  BAA simulation  SLAP simulation 

Goal Reflect reality Make better buffer 
assignments 

Store pallets in a better way 

Input data - Actual crane speed characteristics 
- Actual warehouse layout   
- Actual orders of a whole working week. 
- Actual crane failures. 
- Actual pallet locations at midnight of 
each day.  
- Actual buffer assignments (time and 
location)  

- Actual crane speed 
characteristics 
- Actual warehouse layout   
- Actual orders of a whole 
working week. 
- Actual crane failures. 
- Actual pallet locations at 
midnight of each day.  

- Actual crane speed 
characteristics 
- Actual warehouse layout   
- Actual orders of a whole 
working week. 
- Actual crane failures. 
 

Independent 
variable 

- Buffer assignment decision Storage location assignment 

In order to determine the effect on throughput, the throughput capacity is calculated, i.e. the 

dependent variable. The throughput capacity of the warehouse is the throughput capacity of the 

workstation with the lowest capacity, i.e. the bottleneck. Whereby a workstation is a collection of 

machines that perform identical functions (Hopp & Spearman, 2000). Lineage’s warehouse 

consists of the workstations ‘stacker cranes’, ‘conveyor belts’, ‘shuttle cranes’, and ‘preparation 

buffers’. Furthermore, phase 1 and 2, i.e. section A, can be decoupled from phase 3 and 4, i.e. 

section B. Because, both sections can operate individually from each other and the conveyor belt 

travel time is at least twice as long when a pallet has to travel to the other section instead of within 

its section. This means that the warehouse throughput capacity can be calculated by adding up 

the capacity of both sections.     

As-is situation 

After the simulation results were compared with actual order crane KPIs, it was concluded that 

order KPIs were not accurate on order level, i.e. a mean absolute error and a symmetric mean 

absolute percentage error of approximately 30 minutes and 35%. However, since the mean 

absolute error is on average within 5 minutes and the simulation has a lot of realistic properties, 

the comparison between the three simulations give a realistic view of the consequences of 

implementing the proposed improvement suggestions in an actual warehouse.  

Buffer assignment algorithm 

The goal of the buffer assignment algorithm is tackling the problems of ‘bad buffer assignments’ 

and ‘long waiting times at certain cranes’ by improving buffer assignment. Firstly, the BAA creates 

an order sequence based on priority. Then, these orders are assigned to a buffer in the best phase 

according a cost function. This cost function consists mainly on the expected order preparation 

time, but variables are adding time to the cost function when the warehouse gets out of balance. 

Extra time is added to the cost function, when the utilization of  buffers in a particular phase is 

higher or when the buffer assignment leads to pallets that are assigned to cranes with a high 

utilization. Thus, the buffer assignment algorithm is not optimizing per order, but takes the 

overall warehouse performance into account, i.e. a global sequencing method.   

According the BAA simulation, the throughput capacity increased with 13.5%. The BAA was able 

to increase the capacity by assigning the orders that require less preparation time to buffers in 

section A, i.e. the bottleneck, at the expense of capacity of the buffers in section B, which were not 
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the bottleneck. However, this increase in capacity was realized under the assumption that the 

distribution of conveyor belt travel times will not increase even when the number of 

intersectional conveyor travels increased. Furthermore, the capacity of the workstation ‘buffer’ 

is calculated by taking the 95th percentile of all preparation times as buffer reservation time. 

However, by calculating the throughput capacity in this manner, it assumes that the 95th 

percentile remain the same, even when the number of buffer assignment increase to this section.  

Storage location assignment policy 

The implemented SLAP is an across-aisle, three-classes turnover SLAP, whereby a different SLAP 

is developed for each section. The goal of this SLAP is tackling the problem ‘congestion on the 

conveyor belt’ and decrease the average crane travel times. Determining the SLAP consisted of 

three steps. Firstly, the proportion of SKUs that should be stored in section A and B were 

determined. The idea was to store regular LWM SKUs in section A, and the other orders in section 

B, because they have on average longer preparation times. Secondly, the assigned SKUs to section 

A and B are split into three classes based on their average turnover, i.e. the reciprocal of the 

duration of stay. Lastly, the boundaries that each turnover class required were determined.  

The combination of the turnover SLAP and the BAA resulted in a throughput capacity increase of 

22.9% in comparison with as-is situation and an 8.3% increase in comparison with the BAA 

simulation. This increase is mainly caused by a decrease in conveyor belt and stacker crane travel 

time. However, the same assumptions were made as within the BAA simulation, which means that 

the same reservations hold. The throughput capacity in orders per hour of each simulation are 

presented in Table 0.2. 

Table 0.2 throughput capacity of workstations per simulation in orders per hour 

  as-is BAA SLAP 
 

section A section B section A section B section A section B 

stacker cranes 4.686 5.343 4.686 5.343 5.048 5.684 

shuttle cranes 19.170 18.620 19.170 18.620 19.170 18.620 

buffers 3.390 9.746 4.565 9.380 5.889 12.430 

total warehouse 3.390 5.343 4.565 5.343 5.048 5.684 

8.733 9.908 10.732 

*Note that the highlighted numbers are the workstations with the lowest capacity, i.e. the bottlenecks.  

Recommendations 

The simulation showed increased throughput capacities by implementing the BAA and turnover 

SLAP. Therefore, it is recommended to implement the proposed SLAP in combination with the 

BAA as a global sequencing method. However, since the results of the as-is simulation showed 

that the DES was not able to forecast the order preparation time accurately. It is recommended 

to implement the BAA as information tool and give the process controllers the ability to deviate 

from the buffer assignment that the BAA proposes.  

Moreover, the OTP raised to 99% in the BAA and SLAP simulation, which suggests that the 

number of outbound orders can be raised while satisfying the 95% OTP. However, it is 

recommended to increase the number of outbound orders gradually, because then the effect of 

increased number of pallets can be measured on the KPIs. Subsequently, these new 

measurements can be entered in the throughput calculations in order determine a realistic order 

slot scheme with increased outbound quantities that satisfy a 95% OTP.  
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1 Introduction 

Automation is a highly researched topic in all kinds of business environments, that is getting more 

and more interest in the last 40 years. Also, automation in warehousing in the form of automated 

storage and retrieval systems (ASRS) is getting more popular, but the research is limited until this 

point.  

These ASRS warehouses are especially interesting in the food industry, where food has to be 

frozen or cooled within a compact volume in order to reduce costs. Therefore, multi-deep rack 

configurations are often used. Although it is expected that the demand of these multi-deep ASRS 

warehouses will increase due to extra demand in developing countries, the research in the 

performance of ASRS warehouse as a whole within multi-deep racks is non-existent.   

This thesis focusses on improving performance in terms of throughput of a multi-aisle, multi-deep 

ASRS warehouse by implementing two improvement suggestions. The two improvement 

suggestions are: 

• a global sequencing method in the form of a buffer assignment algorithm (BAA) which 

decides automatically which order should be send to which buffer and in which sequence. 

• a class-based turnover storage location assignment policy (SLAP) which decides where 

products should be stored.  

The impact of these suggestions is tested on the basis of realistic discrete event simulations. Three 

simulations are run, one simulation that represent the as-is situation, one that represents the 

warehouse after implementing the buffer assignment algorithm (BAA) and one after 

implementing the class-based turnover SLAP.  

In the remainder of this section, the thesis structure, and the essentials of warehouse operations 

and ASRS are described.    

1.1 Thesis structure 

This thesis is structured based on the problem solving cycle 

proposed by van Aken et al. (2007). This cycle is presented in 

Figure 1.1 and consists of five steps. The first step is the problem 

definition, whereby a problem is defined as the result of certain 

perception of a state of affairs in the real world. The second step 

is explaining the context and an analysis of the current system 

and its problem. Thirdly, the solution design part is presenting 

improvement suggestions that should solve the problem that is 

described in the problem definition. Then, these improvement 

suggestions are implemented and evaluated afterwards.  

This thesis is structured in a slightly different way. Firstly, the essentials of warehousing and 

ASRSs is described in the remainder of this section. These essentials are required to understand 

the background information and problem description. The problem description is written based 

on interviews with business experts and actual performance indicators are added to validate the 

problem. Furthermore, the research questions of this thesis are defined in the problem 

description. 

Figure 1.1 problem solving cycle (van 
Aken et al., 2007) 
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Section 4 and Section 5 are an analysis of the current performance and the literature review, 

respectively. After the problem and its main causes are stated in the problem description, current 

performance of the system is given. Furthermore, the literature review is used to give insights in 

possible improvements that can solve the described business problem.  

The last two steps in the problem solving cycle are implementation of solution and evaluation. 

This thesis is not executing these two steps, but a high detail discrete event simulations is 

developed to mimic the implementations of the improvement suggestions.  

In Section 7 the current situation of the warehouse is simulated and compared with actual real 

life performance. Then, in Section 8 the methodology of the first improvement suggestion is 

described and processed in the discrete event simulation. Furthermore, the results of this 

simulation are then compared with the simulation results before the implementation of the first 

improvement suggestion. Section 0 has the same set-up as Section 8, but then with the 

implementation of the second improvement suggestion. Lastly, conclusions are drawn and 

recommendations to the company are listed.  

1.2 Warehouse operations 

In order to understand the background information of the company and the problem 

description, first a short introduction about general warehouse operations is given. Warehouse 

operations are all required activities to fulfill in the storage and retrieval process of a 

warehouse. According to Vasili et al. (2012) warehouse operations can be divided in the 

following 5 functions: Receiving, put-away, storage, order picking and shipping that are in this 

order performed.  

Firstly, receiving are all processes required to start the put-away function, such as billing, 

labeling, unloading, etc. Secondly, the put-away function consists of all activities to get the pallets 

to a place to store, such as transport the pallet with a forklift or a crane and decide the place where 

the pallet should be stored, i.e. product location assignment. Then, the storage part is self-

explanatory. Then, order picking is getting the required product out of the warehouse. Required 

order picking activities or decisions are: 

• Determining which pallets should be retrieved and which can be transported in one trip 

of the crane or forklift, i.e. order batching. 

• Determining in which order the orders should be processed, i.e. order sequencing. 

• Repacking units in order to fulfill required amount in order. This has to be done when an 

order requires 8 boxes, while these boxes are stored with 20 on a pallet in the warehouse.  

Lastly, the shipping function are the activities that are required to transport an order, such as 

wrapping orders in tape and loading them into a truck.  

1.3 Automated storage & retrieval systems 

There are a lot of different variations possible in the warehouse design with ASRSs. In Figure 1.2, 

all the different variations are shown. Furthermore, all these ASRSs require programmed decision 

making in order to decide automatically what to do, i.e. control policies. Vasili et al. (2012) divided 

these control policies in 5 different areas and implemented this in Figure 1.3.  

As Figure 1.2 and Figure 1.3 show, there are a lot of different configuration and control policies 

possible within ASRS warehouses. 
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Figure 1.2. All different design variations in AS/RS Warehouses (Vasili et al., 2012) 

 

Figure 1.3. All design requirements possibilities of  ASRS warehouses (Vasili et al., 2012) 

Vasili et al. (2012) makes a distinction between dwell-point, sequencing, batching, storage 

assignment and load shuffling. Storage assignment, Sequencing, and batching are already 

addressed above, but dwell-point and load shuffling aren’t. Dwell-point determination is 

determining where a crane should stand still when it is not working, i.e. when it is idle. 

Furthermore, load shuffling is replacing products without it is required for an order. This is 

mostly done to improve storage capacity or throughput.   
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2 Company information  

In this section, information about Lineage Logistics is covered including description of the 

warehouse’s stakeholders, layout and processes.  

2.1 Lineage logistics 

Lineage Logistics is the largest cold and freeze warehousing and logistics provider in the world. 

Lineage provides transport and storage of cooled or frozen products, with over 260 warehouses 

in North America, Europe, Asia and Australia. The warehouses in Europe are located in the 

Netherlands, Belgium, and the United Kingdom. The North-American department is providing 

transport and storage for cooled and frozen products, while the European department is only 

focusing on frozen products.  

The scope of this thesis will be on the automatic, freezing warehouse in Bergen op Zoom, next to 

the European Headquarters. This warehouse is the largest automated cold storage warehouse of 

Europe and can store up to 175,000 pallets.  

This facility provides storage of products from Unilever, Lamb Weston, and Dawn Foods. The 

facility in Bergen op Zoom is primarily providing storage. Transport activities solely consist of  

inbound products of Lamb Weston and Dawn foods from their plants to the warehouse in Bergen 

op Zoom. Outbound transports is arranged by clients themselves, who outsources this to logistics 

service providers (LSP).  

2.2 Supply chain information 

The warehouse in Bergen op Zoom has a couple of outside stakeholders that can be classified as 

food producing companies and logistics service providers. The food producing companies are the 

clients of Lineage and will be referred as such.  

The warehouse in Bergen op Zoom provides cold storage for food producing companies, i.e. 

potato products of Lamb Weston, ice creams of Unilever and bakery products of Dawn foods. The 

warehouse in Bergen op Zoom functions as the storage step between production and 

transportation of products to the food producing companies’ clients such as McDonalds and 

Albert Heijn. 

The needs of the clients of Lineage Logistics can be listed as follows:  

• Storing the produced goods until they are demanded by their clients. 

• Loading the demanded orders on time.  

• Perform extra activities, such as case picking and loading trucks in a particular sequence. 

Case picking and load sequences are explained in Section 2.5. 

Traditionally, the main service that Lineage’s clients requested, was storing the produced 

products. However, the market characteristics shifted and the clients required extra services, 

such as case picking and load sequences. The services case picking and load sequences are 

elaborated in Section 2.5.2. These extra services caused problems with the ability to prepare on 

orders in time, which will be explained more briefly in Section 3.  

The other type of stakeholders, the LSPs, are the owners of the trucks and are responsible for the 

transportation between the warehouse and the distribution centers (DCs) of the food companies 

or the DCs of the food companies’ clients. Furthermore, there are also LSPs responsible for the 
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transportation between the production facilities of Unilever and Dawn Foods to the warehouse 

in Bergen op Zoom.  

The LSPs are paid by the food producing companies per trip. Therefore, the LSPs want to 

minimize costs by minimizing idle time of truck drivers. Since the LSPs are determining when 

orders should be ready, they choose times that are ideal for them. In the past, this resulted in a 

huge variability of demand throughout the day since they booked a lot of trips at certain times of 

a day. An ideal time for the LSP is for example a certain time in the morning so that they can 

combine two trips to two different distribution centers on one day with the same truck.  

This strategy is conflicting with the goals of Lineage Logistics. In order to minimize costs for the 

warehouse a more stable arrival of inbound and outbound orders is ideal. An outbound order 

requires a forklift driver and when there is a lot of variability in demand of outbound orders, the 

number of required forklift drivers are also changing constantly. So, when the number of forklift 

drivers are hired that are required during peak hours, they will be idle during non-peak hours.  

2.3 Warehouse layout  

The warehouse in Bergen op Zoom consists of 20 multi-deep racks that are served by 12 in-aisle, 

dual-shuttle stacker cranes. In-aisle dual-shuttle stacker cranes are cranes that can carry two 

pallets at the same time and can only move within the aisle they are placed in. Multi-deep racks 

means that multiple two dimensional racks are placed against each other and create a 3 

dimensional rack. To determine the right place in the rack, 3 different coordinates are used, which 

are: 

• The x-coordinate is the horizontal position  

• The y-coordinate is the vertical position 

• The z-coordinate is the depth position from the crane stacker’s position, i.e. orthogonal 

direction of the x-coordinate direction.  

Lineage Logistics has two different terms to distinguish places in the warehouse. Namely, the 

pallet location, which is a place in the rack based on only the x- and y-coordinates. The pallet 

position on the other hand, is one specific place in the rack with all three-dimension specified. So, 

one pallet location consists of multiple pallet positions. This difference is shown in Figure 2.1. 

 

Figure 2.1. Schematic frontal view of warehouse with difference between pallet position and location 

The number of x-, y- and z-coordinates are different per rack. Between the racks there are 

different heights of pallet locations and the distribution of these differences in height within the 

rack are also not the same for every rack. The precise configuration of the racks can be found in 

Appendix A. 
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Furthermore, the weight capacity of certain rows is higher than others and this also varies 

between different racks.  

Lineage distinguishes the warehouse in 4 phases. The first reason of this distinction is that phases 

are built in different years. Phase 1, 2, 3, and 4 are built in 2002, 2004, 2009, and 2011, 

respectively. Besides a different year of building, it also has different characteristics. For example, 

the temperatures in phase 1 and 2 are higher than in phase 3 and 4.  

Besides the racks and cranes, there are multiple shuttle cranes, preparation buffers, Inbound 

feeds, and dock doors. Firstly, there are two types of inbound feeds: ATL-systems, which are 

systems that can unload the truck automatically on the conveyor belts, while manual inbound 

feeds are conveyor positions where a forklift driver puts a pallet on that he took from the truck. 

Furthermore, stacker cranes are automatically controlled cranes that drive on a rail. They pick 

the pallets from the conveyor belt, store them into the storage racks (storage request) or retrieve 

a pallet from the racks and put it on the conveyor belt (retrieval request). The shuttle cranes are 

also automated and pick the pallets from the conveyor belt to deliver it to one of the preparation 

buffers. Each shuttle crane serves a number of preparation buffers and these buffers are fixed to 

a specific shuttle crane, i.e. it is not possible that two different shuttle cranes deliver the same 

buffer.   

In addition, there are two types of preparation buffers: A regular buffer, which has a capacity of a 

Full Truck Load (FTL) and a small buffer which has a capacity of 1/3 FTL. Moreover, the dock 

doors are output points for the trucks to dock and load the prepared orders in the truck. Lastly, 

conveyor belts create the connection between the inbound feeds (both ATL and manual), the 

stacker cranes and the shuttle cranes. Every pallet can, in theory, reach every position in the 

warehouse by using the conveyor belt, regardless in which phase it currently is. However, there 

is one exception, pallets can only go to crane 1 and 2 from the ATLs in phase 1, because there is 

only one conveyor and that one is moving the pallets into the direction of phase 2.   

Appendix B shows the layout of the warehouse. The warehouse is divided in 4 phases and in 

different entities. All entities of the four phases are presented in Table 2.1 

Table 2.1 Entities per Phase 

 

2.4 Information systems 

Lineage Logistics uses two different information systems: the Warehouse Management system 

(WMS), and the Warehouse Control System (WCS).  

The WMS records data about the orders, such as quantities of SKUs, how many pallets of each SKU 

are stored in the warehouse, etc. So, the WMS communicates with the outside world. Its goal is to 

communicate with the clients on inbound and outbound processes. Therefore, the WMS does not 

need information about the location of products stored. However, for the buffer assignment 

ATLs Manual small size regular size

1 4 8 2 1 3 0 12

2 2 4 1 1 0 0 0

3 2 3 0 2 2 9 29

4 4 5 1 1 2 10 8

Number of 

preparation buffers

Number 

of 

shuttle 

Number 

of racks

Number 

of cranesPhase

Number of 

inbound feeds
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decision, which will be elaborated in Section 2.5.2, the WMS is extended by recording in which 

phase a certain SKU is located.  

The WCS records all the positions of pallets continuously in order to send pallets at a certain 

destination to the right place. Furthermore, the WCS runs algorithms to determine the locations 

to store pallets, command cycles, pallets to choose for an order, and order batching. A command 

cycle is the total number of different pallets that are stored and retrieved within one trip of the 

shuttle crane.  

Lastly, the WCS controls hardware operations, such as controlling the stacker cranes, shuffle 

cranes, and conveyor belts.  

2.5 Warehouse operations 

In this part, the different processes that are executed by the warehouse in Bergen op Zoom are 

elaborated. The processes can be split into receiving, put-away, storage, order picking, shipping 

(Vasili, Tang, & Vasili, 2012) and transporting. However, some functions are executed in sequence 

due to a trigger. These triggers are: arriving inbound orders and outbound orders. When an 

inbound order arrives, processes about transportation, receiving and put-away are executed in a 

sequence. Then the product will be stored, until an outbound order arrives and processes about 

picking and shipping will be started.  

2.5.1 Inbound Orders 

Transportation is only executed for Lamb Weston and Dawn Foods and consists of loading and 

transporting the trucks at their production plants to the warehouse in Bergen op Zoom. Loading 

at the production plant and unloading at the warehouse can be done automatically, since 

Lineage’s trucks have chain conveyors which can be attached to the warehouse conveyor belt.   

These chain conveyors in the truck allow the whole receiving part to be automatic. First, the 

pallets are automatically unloaded from the truck on the conveyor belt, where they will be 

scanned, checked and weighted. The scanned data is saved in the Warehouse Management 

System (WMS) and contains the Stock Keeping Unit (SKU) (i.e. unique product), number of boxes 

on pallet, the weight, the height, the pallet sort, and the best-before-date. The best-before-date 

(BBD) is the date until when the quality of the product is guaranteed. Only after scanning a pallet, 

the WMS knows which SKU this is and does not know which SKUs are following within the same 

inbound order, this makes a storage location assignment policy more difficult.  

From there on, the put-away function is automatically executed by the Warehouse Control System 

(WCS), i.e. the WCS determines where the pallet should be placed at the warehouse. Based on the 

information of the pallet from the WMS, the WCS determines where to place the scanned pallet.  

Ideally, the product will be stored until the product is required for an outbound order. However, 

it is possible that it should be replaced before it is requested, i.e. reshuffling. Reshuffling is used 

to optimize storage capacity. When there are two or more locations with the same SKU and the 

crane is idle, they will be merged into one location. It should be noted that a SKU is specified as a 

certain item with a specific BBD (best before date), i.e. a quality specification. So, the same 

product, but from another batch are specified as two different SKUs.  

2.5.2 Outbound Orders 

Outbound orders are received throughout the day and around 17.00 the orders are fixed for the 

next day. Then, these outbound orders are imported in the WMS based on due date, whereby the 
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earliest due date is the first in queue. An order consists of multiple SKU types, number of boxes 

required per SKU, due date, and BBD.  

The WMS shows: 

• the required number of pallets per order. 

• the different pallets with the same SKU that can be allocated to an order 

• where those different pallets are located.  

• which pallets require picking 

To give a good overview for the process controller, this is visualized like Figure 2.2.  

 

Figure 2.2. Example of order output WMS 

The numbers in red are the number of pallets that require case picking and “Carrier Qty” stands 

for the number of required pallets of that particular SKU. 

Case picking is the process of taking less than pallet size volume of a certain SKU. In that case, a 

full pallet is opened and only the number of required boxes is taken from that pallet. This process 

is executed in a special part within the warehouse above the expedition of phase 3 and 4. The 

non-full pallets don’t return to the regular warehouse, but stay in the case picking area for the 

next time a case pick of this particular SKU is required. When case picking is required for multiple 

SKUs within the same order, these SKUs can be combined on one pallet. Furthermore, the case 

picking is done manually.  

However, case picking is outside the scope of this thesis and therefore this process will not be 

explained any further. It is assumed that case picking is already done before the retrieving of an 

order starts and that these “case picked pallets” will be stored in the warehouse.   

The process controller decides when to start with the preparation of an order. This will trigger 

the WCS to start with retrieving the pallets. When a preparation buffer is available, the order 

preparation start approximately 3 hours before the due date.  

There is no prescribed plan for when and to which buffer an order should be assigned. The time 

to assign is therefore decided by the process controller on his best insight. The decision for which 

buffer the order should be assigned to, is made by the process controller on basis of the 

percentage of available required SKUs in that particular phase. When this is done, the order is 

sent to the WCS. Then, the WCS determines which pallets should be retrieved from the warehouse 

and this algorithm can be found in Appendix C. 

When a specific pallet is chosen, this retrieval request is added to the retrieval queue of the crane. 

Within this crane, the serving sequence can change to improve throughput by combining storage 

and retrieval requests together in one route. But, this is mainly first come first served (FCFS) if 

the orders are released on their due date and therefore FCFS is assumed in further calculation in 

this thesis.  
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However, the stacker crane is still trying to combine multiple storage and retrieval requests. Since 

the stacker cranes are dual-shuttle, they are capable of lifting two pallets at the same time. 

After retrieving the pallets, the crane puts them on the conveyor belt. Then, the conveyor belt 

brings the pallet to the shuttle crane that is required to reach the pre-determined preparation 

buffer. This continues until all pallets for the order have reached the buffer. When a truck is 

docked, the forklifts can start loading the pallets from the buffer into the trucks.  

However, this sequence is valid for the regular outbound orders, it is also possible to have orders 

with a certain loading sequence. It happens when multiple orders are combined in one truck and 

this truck has to deliver these orders at different locations. These combined orders are called 

sequence orders. To make sure the pallets are loaded into the right sequence, they have to be 

staged in the right sequence in the preparation buffer. To make sure that they do not mix up in 

the preparation buffer, pallets from the next sequence are only released when all the pallets of 

the previous loading sequence are in the preparation buffer.  
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3 Problem description  

In this section, first the problem that this thesis wants to solve is described, where after the 

research questions are defined. Lastly, possible contributors to the problem are described 

based on interviews with business experts and certain data analysis.  

3.1 Business problem 

The main problem of the warehouse in Bergen op Zoom during the first half of 2018, was the low 

customer service in high season, i.e. outbound orders couldn’t be prepared in time. For example, 

in May 2018, the average proportion of orders prepared on time (OTP) was 55.73%. This was 

mainly caused by high variability of demand during the day, i.e. a lot of outbound orders were 

booked at certain time slots. Around these hours, the demand of outbound orders was higher than 

the maximum throughput of the warehouse, i.e. the demand of outbound pallets was higher than 

the number of pallets the warehouse could handle. This resulted in late prepared orders and in 

the low OTP.  

Since the earlier slot scheme did not match with capacity requirements of the site, Lineage came 

up with a stricter order slot scheme in December 2018. This new order slot scheme limits the 

number of orders a client can place each hour and creates an achievable throughput during the 

whole day.  

As a result of the new slot scheme, clients were satisfied by the increased OTP, but were not about 

the restricted outbound order quantities per hour. Therefore, Lineage would like to increase the 

number of outbound orders without impacting the OTP.  

3.2 Research questions 

The main research question that results from the main business problem is therefore: 

• How can the throughput of the warehouse be increased in order to raise the number of 

outbound orders per hour while satisfying a 95% OTP?  

This main research question can be broken down into the following sub research questions: 

1. Which factors are currently limiting the throughput capacity in the warehouse? 

2. Which methods/policies can improve the throughput of a multi-aisle, multi-deep ASRS 

warehouse?  

3. How do the chosen methods/policies affect the throughput capacity (and other KPIs)? 

In the next subsection and in Section 4, the first sub research question is answered. Whereby, in 

Section 3.3, the foundation of analysis is the interpretation of the business experts complemented 

with data. While in Section 4, a more thorough analysis of the throughput in different areas within 

the warehouse is conducted.  

Then, the literature review in Section 5 is used to give inspiration for improvements suggestions. 

In section 6, the two chosen improvement suggestions are explained and the second sub research 

question is answered. Then, the third research question is answered in section 7 according the 

performance of a high detail discrete event simulation. Lastly, the fourth research question is 

answered in Section 8 and 0, where the performance of the discrete event simulation are checked 

before and after implementation of the two improvement suggestions.  



11 
 

3.3 Causes of limited throughput  

According to business experts, an important reason for not meeting the OTP at higher outbound 

quantities is the variability and unpredictability of order preparation times. The average overall 

preparation time is 1 hour and 40 minutes, while certain orders take up to five times as long as 

can be observed in Figure 3.1. Therefore, process controllers need to include safety margins to 

guarantee 95% OTP, which reduces throughput capacity.  

In Figure 3.1 below, the preparation for phase 1 and phase 3 and 4 are shown of the month May. 

It can be seen that the distribution is right-tailed and that the variability is high.   

The logical subsequent question is then:  

• What is causing the high variability in the warehouse?  

 

Figure 3.1 Preparation times per phase May 2019 

The business experts stated that there are four main contributors to the high variability and 

unpredictability in preparation times. These main contributors are listed below: 

• Congestion on the main conveyor belt can be caused by a variety of factors. Firstly, it 

can be caused by conveyor belt failures. Secondly, the waiting queue of inbound pallets at 

a certain crane is that long that it blocks the main conveyor belt. Furthermore, when there 
is more traffic on the conveyor belt, the probability that two pallets want to cross a 

crossing at the same time increase, which results in that one of the two pallets have to 

wait. In Figure 3.2 below, all conveyor belt travel times in May 2019 are presented. As can 

be seen, there is a lot of variability.   

• Long waiting times at certain cranes is caused when many retrieval requests are going 

to a specific crane at a specific moment in time. The actual distribution of all waiting times 

of May 2019 can be seen in Figure 3.3.  
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• Bad buffer assignment can result in pallets covering a long distance from the crane to 

the assigned buffer. Furthermore, these long conveyor belt distances, create more 

congestion on the conveyor belt for other orders as well. However, Phase 1 has a lot less 

buffers per stored item, which means that often orders that prefer an allocation to a buffer 

in phase 1, cannot be assigned anymore because they are already taken.  

• Digging out pallets, which are necessary reshuffles whereby certain pallets have to be 

replaced in order to reach the required pallet. This can have multiple causes, but is mainly 

caused by pallet defects beyond the control of Lineage.  

 

Figure 3.2 Distribution of conveyor belt travel times of pallets in May 2019 

 

Figure 3.3 Distribution of pallet waiting times May 2019  
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4 Analysis current performance  

Now the problem is defined, it can be concluded that the throughput, i.e. processed pallets or 
orders per hour, is the variable of interest of this thesis. However in this section, the overall 

warehouse throughput is analyzed thoroughly with real life data.  

In order to analyze the overall throughput of the warehouse, the warehouse is split up in different 

units, i.e.  workstations. Whereby, “a workstation is a collection of one or more machines or 

manual stations that perform (essentially) identical functions.” (Hopp & Spearman, 2000) 

However, in order to split the warehouse into these workstations, a good understanding of the 

system is required. Therefore, the process models on order level is shown in Appendix D.  

The warehouse of Lineage can be seen as a production facility with four different workstations. 

In the warehouse, the following four different workstations can be distinguished: the stacker 

crane, the conveyor belt, the shuttle crane and the preparation buffer. Each order consists of 

multiple pallets that all have to pass each workstation.  

However, besides the different workstations, phase 1 and 2, are decoupled from phase 3 and 4, 

because they operate relatively independent of each other. When for example an order is 

prepared in phase 1, it is preferred to retrieve all pallets from phase 1 and 2, because pallets from 

phase 3 and 4 have approximately a 3.5 times longer conveyor belt travel time. This phenomena 

can be seen in Appendix E, where the average conveyor belt travel times from stacker crane to 

shuttle crane are shown. Furthermore, the temperature in phase 1 and 2 is higher than in phase 

3 and 4, which excludes certain products of being stored in section phase 1 and 2. From now on, 

phase 1 and 2 are referred to as section A, while phase 3 and 4 are referred to as section B. Thus, 

besides calculating the throughput capacity per workstation, the workstations of section A and B 

are also calculated separately. 

In order to determine the bottleneck of the warehouse, all workstations are analyzed on their 

throughput capacity, i.e. the maximum number of items a process can handle. The determination 

of the bottleneck is important, since improving the bottleneck will have the highest result in 

improving the system.  

However, in Hopp & Spearman (2000) the bottleneck is defined as the workstation with the 

highest utilization. In this thesis, the (throughput) capacity is used as bottleneck indicator instead, 

because the utilization depends on the arrival rate of orders. Since the outbound orders are 

limited by the order slot scheme and the goal is to raise the number of outbound orders in the 

slot scheme, the number of outbound orders should not limit the throughput. Therefore, the 

arrival rate of pallets and orders is assumed to be infinite. In this way, Lineage can use the results 

of this thesis to decide how many outbound orders they should allow in their slot scheme.   

The (throughput) capacity can be calculated by the following formula of Hopp & Spearman 

(2000):  

 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑤𝑜𝑟𝑘𝑠𝑡𝑎𝑡𝑖𝑜𝑛 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑚𝑎𝑐ℎ𝑖𝑛𝑒𝑠 ⋅ 𝑝𝑟𝑜𝑐𝑒𝑠𝑠 𝑡𝑖𝑚𝑒 𝑚𝑎𝑐ℎ𝑖𝑛𝑒 = 𝑚 ⋅ 𝑇0 4.1 
However, the throughput capacity of the conveyor belt is not included in these calculations, 

because the number of machines would be very high. This is very high since a conveyor belt 

consists of many conveyor positions, which can transport a high number of pallets 

simultaneously. Therefore, the throughput of the conveyor belt is assumed to be infinite.  

At first, the average capacity per stacker crane is calculated and presented in Appendix F. 

Processing time 𝑡𝑒 , is last year’s average duration of all tasks in the stacker crane. The overall 
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batch size (𝑏𝑒), i.e. the average number of processed pallets per crane task was 1.9, wherefrom 

37.5% were retrieval tasks. It is assumed that this will be the same for all cranes.  Lastly, last 

year’s average availability rate, 𝐴, is taken per crane. With these characteristics, the throughput 

capacity (𝑟𝑒) of each crane can be calculated by the following formula:  

 
𝑟𝑒 =

1

𝑡𝑒/(𝑏𝑒 ⋅ 𝐴)
=

𝑏𝑒 ⋅ 𝐴

𝑡𝑒
 

4.2 

In words, to calculate the throughput capacity, the batch size is multiplied with the availability 

rate of the cranes and then divided by the average processing time of a crane.  Then the outcome 

is the number of processed pallets within a certain time period.  

In order to calculate the total capacity of the workstation ‘stacker crane’, the actual average 

processing time per crane of the last year is used. Then, the average processing time of all stacker 

cranes within section A and section B are calculated. This average processing time is then filled 

in equation 4.2 to calculate throughput capacity of the stacker crane. This process is repeated for 

the other workstations as well and the results are shown in Table 4.1. Also, the processing time 

of the other workstations are based on the averages of last year. Note that section B has 43.33 

preparation buffers, because small buffers are counted as 1/3, because they are able to stack 1/3 

full truck load (FTL), while a regular buffer can store 1 FTL. The processing time 𝑡𝑒 of the buffer 

is the average time a buffer is reserved for an order. 

Table 4.1 Average throughput workstations per section 

  section A section B  

Work 
station 

number of 
machines 

𝑡𝑒 
(hours/ 
pallet) 

capacity 
(pallets/ho
ur) 

capacity 
(orders/ho
ur) 

number of 
machines 

𝑡𝑒 
(hours/ 
pallet) 

capacity 
(pallets/ho
ur) 

capacity 
(orders/ 
hour) 

stacker 
crane 

6 0.0492 121.8 4.686 6 0.0432 138.9 5.343 

shuttle 
crane 

3 0.0060 498.5 19.17 4 0.0083 484.0 18.62 

Buffers* 12 4.390* 
(3.693)  

  2.734  
(3.250) 

43.33 6.084* 
(4.844) 

  7.123 
(8.946) 

*workstation preparation buffers can only be calculated per order, since it is reserved per order and not per pallet. 

However, the 𝑡𝑒 of the buffer is not a fair indicator to calculate throughput capacity, since the 

number of outbound orders are limiting the throughput. Since there are no more orders to finish 

earlier, the process controllers assign orders much earlier than the order requires to prepare. 

This is done to mitigate long-time failures and because the buffer is idle anyway. 

Therefore, a better way to describe the processing time of a buffer is taking the 95th percentile of 

the historical preparation times for both section A and B and add an average loading time. This is 

a fairer indicator, because if the 95th percentile would have been taken as reservation time, the 

OTP would have been 95%, which is the minimal required service rate. In this way, the 

throughput of the buffers is not limited by the number of outbound orders, but has on the other 

hand a reasonable safety margin.  The numbers between the brackets in Table 4.1, are the 

measures that are based on this 95th percentile reservation time.  

From Table 4.1 can be concluded that the buffers in section A are the bottleneck and the cranes 

in section B since they have the lowest throughput capacity.     
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5 Literature review 

The literature review is performed on literature that is focused on improving the performance of 
automated storage and retrieval systems (ASRS). Therefore, the most promising papers in 

improving performance of ASRS are discussed in this section. However, measuring the 

performance of an ASRS warehouse is associated with the calculation of crane travel times. 

Therefore, the different crane travel time models are also included and discussed first.  

The studies about increasing performance can be divided in five different areas, depending on 

which control policy they use to improve performance. The five different control policies are 

storage location assignment policies (SLAP), sequencing, batching, load shuffling and dwell point 

assignment, as explained in Section 1.3. 

5.1 Travel time models  

This section is divided between a summary of earlier conducted studies on travel time models 

and a conclusion where the choice of the implemented travel time model is explained.  

5.1.1 Literature review travel time models 

AS/RSs have stacker cranes that have independent drives for horizontal and vertical travel. In 

order to measure this travel time, the Chebyshev metric is used. The Chebyshev metric states that 

the travel time is the maximum of the independently horizontal and vertical time it takes to reach 

the destination.  

In the literature, the travel time models are either based on the discrete rack approach or the 

continuous rack approach. “In the discrete approach travel time models, the AS/RS rack face is 

considered like a discrete set of locations. However using a continuous-approach to represent the 

rack, the rack is normalized to a continuous pick face” (Vasili, Tang, & Vasili, 2012, p. 170). 

However, Sari et al. (2005) conducted a simulation and this resulted in no significant difference 

in results between continuous- and discrete-based-approaches.  

The first pioneering study in the field of travel models was the study of Bozer and White (1984). 

They created reliable travel time expressions in the area of AS/RS. They developed expressions 

for both the discrete and continuous approach and for single (SC) and double (DC) command 

cycles. The discrete travel time expressions with random storage policy are: 

 E(SC) =
1

N
∑ 2t0i

N
i=1  5.1 

 𝐸(𝐷𝐶) =
2

𝑁(𝑁−1)
∑ ∑ [𝑡0𝑖 + 𝑡𝑖𝑗 + 𝑡0𝑗]𝑁

𝑗=𝑖+1
𝑁−1
𝑖=1   5.2 

Whereby N is the total number of openings in the rack. 𝑡0,𝑖, 𝑡𝑖,𝑗, and 𝑡𝑗,0 are the travel time between 

the I/O point and opening 𝑖, the travel time between opening 𝑖 and 𝑗, and the travel time from 

opening 𝑗 to the I/O point, respectively. 

The SC and DC approximations for the continuous rack approximation approach are described in 

expressions (4) and (5). Whereby b is the shape factor of the rack and is calculated as follows: 

  𝑏 = 𝑚𝑖𝑛{
𝑡𝑣

𝑇
,

𝑡ℎ

𝑇
} 5.3 

Whereby 𝑡𝑣 and 𝑡ℎ are the time it takes to the farthest row and highest column of the rack. 

Furthermore T is the maximum of 𝑡𝑣 and 𝑡ℎ. 
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  𝐸(𝑆𝐶) = [
1

3
𝑏2 + 1] ⋅ 𝑇 5.4 

 𝐸(𝐷𝐶) = [
4

3
+

1

2
𝑏2 −

1

30
𝑏3] ⋅ 𝑇  5.5 

Meller & Mungwattana (1997) extended these models for multi-shuttle AS/RSs and developed 

time models for the triple command cycle (TC) and quadruple command cycle (QC) under 

different sequencing rules.  

Xu et al. (2015) developed also an analytic travel model to calculate a double cycle (DC) and 

quadruple cycle (QC), but for double-deep racks. Bozer & White (1984), Meller & Mungwattana 

(1997), and Xu et al. (2014) assumed constant travel speed of the stacker crane. Hwang & Lee 

(1990) and Chang, Wen & Lin (1995) and proposed time models whereby acceleration and 

deceleration are incorporated. Furthermore, they compared their travel time model on the SC and 

DC with the earlier invented models and proved by enumeration that their model is performing 

better for SC and DC. Lehrer et al. (2009) extended the model of Hwang & Lee (1990) to develop 

time models for QC in dual-shuttle with double deep racks AS/RSs.  

Azzi et al. (2011) conducted a comparison study whereby they came up with a new travel time 

model for dual-shuttle cranes. The model they propose, is a model based on a conducted Monte 

Carlo simulation (MCS). The performance of the expected double SC and QC of the travel time 

models of Bozer & White (1984), a similar model as the one of Hwang & Lee, and MCS-method 

were compared with the data of two real industrial applications. It turned out that the MCS-

method was performing the best in comparison with the other two methods. However, the travel 

time model of Hwang & Lee (1990) was also performing better than the one of Bozer & White 

(1994). 

All studies above, are performed with a random storage assignment policy. Park et al. (2003) & 

Park et al. (2006) developed an analytical time model for SC and DC with a turnover and two 

class-based storage policy. These models are based on the average and variance of the travel 

times and takes acceleration and deceleration into account.  

De Koster, Le-Duc & Yugang (2008), Yugang & de Koster (2009a), and Yugang & de Koster 

(2009b) are three studies that gave an expression for travel times in a multideep AS/RSs. 

However, these studies are performed on AS/RSs and racks that function totally different. 

Therefore, these time models are not comparable since the stacker crane drops the pallet at the 

first position, while the one of Lineage is dropping them in the farthest possible pallet position.  

5.1.2 Conclusion travel time models 

Most of the studies are using continuous rack approach since that is less computation expensive. 

However, takes into account real life demand data and actual pallet positions, because unlike 

other studies, it is assumed that the next visited location is not independent of its predecessor. 

While this assumption is valid in single deep locations, it is not in a multi-deep rack, since actual 

demand data shows that orders often require more than one pallet of a certain SKU. This means 

that in a multi-deep rack, the same location is visited multiple times in a row. For this reason, 

the assumptions in the continuous rack approach are no longer valid and hence this thesis will 

consider the discrete rack approach.  

To calculate the command cycle travel time, an adapted version of equation 5.2 is used. Fixed 

times are added to equation 5.2 for travelling within a location (z-direction), for picking the pallet 

from the conveyor belt, and for putting it on the conveyor belt.   
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Furthermore, acceleration and deceleration are added in the calculation of travel times, since  

Hwang & Lee (1990) showed that this represented reality better. Lastly, double, triple and 

quadruple command cycles are alternating based on actual demand characteristics and 

probabilities. This is representing reality much better than assuming that the cranes are always 

performing one certain command cycle.  

5.2 Improving performance ASRS studies 

Studies about improving the performance of ASRS systems are conducted by improving decisions 

in one of the 5 control policies described in section 1.3. So, in this section the most important 

studies are summarized per control policy. First, the studies about SLAP are reviewed. Then, the 

studies on sequencing and reshuffling.  

Studies on dwell-point assignment and batching policies are not included, since these were not 

relevant for the ASRS warehouse of Lineage. The dwell-point assignment is excluded, because 

Lineage’s stacker cranes have a high utilization and when they are idle, it is preferred to reshuffle 

pallets in order to optimize storage capacity. Furthermore, order batching is excluded since the 

benefit of optimizing order batching is limited because the stacker crane is able to carry only two 

pallets at the same time. 

5.2.1 Storage location assignment policy 

The first pioneering study on Storage Location Assignment Policies (SLAP) was the study of 

Hausman et al. (1976). In this study, the differences of single stacker crane travel time between 

the different SLAPs is compared analytically. Hausman compared the following SLAPs: the 

random storage, the closest open location storage, the class-based turnover storage, and the full 

turnover storage policy. In the turnover policies, the products with the highest turnover are 

located closest to the In-Output point (I/O-point) of the crane. The class-based turnover policy on 

the other hand, is dividing the SKUs based on their turnovers in certain groups. The group with 

the highest turnover is placed closest to the I/O-point. However, within these classed areas, there 

is no distinction made between the different SKUs.  

Hausman et al. (1976) showed that the full turnover policy is performing the best, with the 

turnover class based following closely. Thonemann and Brandeau (1998) confirmed this believe 

and extended the study of Hausman et al. (1976) to add a stochastic environment and this also 

had the same outcome.  

However, Gagliardi, Renaud & Ruiz (2012) conducted a study by using a discrete-event simulator 

that was designed to accurately reproduce the characteristics of an industrial AS/RS by using real 

data of a food company. This study concluded that the crane travel time of full turnover policy is 

higher than the random or class-based storage policy. Therefore, it can be concluded that there is 

not a single best storage policy. The best storage policy depends on the business characteristics.  

The study of Moon & Kim (2001), that will be elaborated in the next subsection, gave an indication 

why it depends on the business characteristics. Full turnover policies create the necessity to 

reorder the areas all the time when demand is not reliable, i.e. random storage and class-based 

storage are more resistant to uncertainty, which is the case in real situation dynamics.  

Furthermore, Gagliardi et al. (2012) performed a discrete event simulation (DES) with a unit-

load, single-deep ASRS with a discrete rack travel time model. In this DES real life data from a 

food company was used to calculate the average travel time under different SLAPs. This study 

showed that the performance of a full turnover SLAP declines rapidly when the made 
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assumptions are not met completely. In reality this happens often and showed thereby that a 

class-based or random SLAP is more suitable in real business dynamics.  

Goetschalckx & Ratliff (1990) designed another kind of class-based storage assignment, namely 

the duration of stay (DOS) class-based policy. This DOS based policy, is a so-called shared storage 

policy and the areas are distributed based on the time a product is expected to leave the 

warehouse.  

However, Kulterel et al. (1999) performed a computer simulation based on the research of 

Goetschalckx & Ratliff (1990) and concluded that the turnover class-based policy was performing 

better on average crane travel time than the DOS class based policy.  

All the researches mentioned above were performed on single deep rack warehouses. However, 

the studies of de Koster et al. (2008) and Yugang & de Koster (2009a,b) were performed on 3 

dimensional racks, i.e. multi-deep racks. These 3 studies were all performed to find the optimal 

dimensions for the rack size with a random storage policy, a 2-class based turnover policy, and a 

full turnover policy, respectively. After the optimal dimensions were determined, they use the 

data example of de Koster et al. (2006) in order to test the crane travel time performance 

analytically. They concluded that the full turnover policy was performing much better, in terms 

of crane travel time, than the random storage policy. The same holds for the 2-class based 

turnover storage policy. However, the difference in performance was especially high when the 

ABC-curve was skewed, i.e. 20% of the SKUs is responsible for most of the total demand, e.g. 90% 

of the demand is due to 20% of the SKUs.  

These studies show that the principles of the 3-dimensional storage racks have the same outcome 

as the single deep racks. Therefore, it is questionable if in reality the full-turnover storage policy 

is the most optimal one, since single deep rack research shows that it performs less with 

uncertainty, which is always the case in reality.  

All the mentioned studies in this subsection were performed on one-aisle systems. While 

Gagliardi et al. (2015) extended their DES from Cagliardi et al. (2012) in a multi-aisle warehouse. 

They compared two multi-aisles class-based assignment policies, namely the within-aisle and 

across-aisle storage location assignment policy. The within-aisle storage policy distributes the 

storage classes between the different aisles, i.e. SKUs within a certain class are solely assigned to 

certain aisles. The across-aisle policy on the other hand, distributes the classes in the same crane 

for every aisle in the same way, i.e. each aisle has an area for each class. The difference between 

the two policies is illustrated in Figure 5.1. 

 

Figure 5.1. Witin-aisle and across-aisle storage policies 
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These two policies are being compared by a discrete event simulation engine proposed by 

Gagliardi, Renaud, and Ruiz (2014). This simulation showed that the across-aisle storage policy 

outperformed the within-aisle storage between 5.2 to 45.8% in makespan reductions, whereby 

makespan is the total time required to finish all jobs.  

5.2.2 Sequencing Policies 

A Sequence policy is a set of rules to determine the sequence of storing or retrieving orders. This 

includes in which order requests are fulfilled, which command cycle is used, and if dynamic or 

static sequencing is used. 

Static sequencing means that the order requests are known on beforehand and will not change 

anymore. With dynamic sequencing, sets of retrieval or storage requests are updated each time a 

new request is added. Han et al. (1987) suggested two strategies to deal with dynamic 

sequencing: “block sequencing” and re-sequence the list every time when a new request is 

received. With block sequencing, different blocks are made, for example block with different 

priorities. At a certain moment a certain block is chosen, and the sequence of that block is fixed 

from that moment on. When a new request arrives, it cannot be added to this block and will 

automatically be assigned to another block. 

Linn & Wysk (1987) was the first pioneering study about sequencing policies within the AS/RS 

research area. They presented a simulation model to compare different sequencing rules with 

products that show a seasonal demand trend. They compared the FCFS, shortest completion time 

(SCT), shortest completion time with output priority, and shortest completion time with 

controlled output priority, i.e. the retrieval request are only prioritized when the queue of 

retrieval requests is longer than the queue of storage requests.  

The simulation indicates that job sequencing rules begin affecting the system performance when 

the arrival rate is above a certain level, i.e. with a low arrival rate, the job sequencing doesn’t 

influence performance. Whereby the arrival rate is the average number of jobs per time unit.  

Gagliardi et al. (2015) developed two multiple-aisle sequence approaches with an independent 

aisle sequence. Multiple-aisle sequence approaches are sequence approaches that give the 

freedom to sequence not only at the crane, but sequence over the cranes. This means that these 

approaches determine which crane the request should be assigned to in order to optimize the 

sequencing.  

A discrete-event simulation showed that the globally sequencing method leads to makespan 

reductions between the 14% to 29% for random storage and 3.5% to 6.4% in the 2-class storage 

policy.  

Furthermore, there are all kind of heuristics to optimize the order sequencing. However, these 
studies are not that relevant because these studies assume no time limits and this is definitely the 

case at the warehouse of Lineage. These time constraints limit the freedom and therefore 

reducing the impact of order sequences. Moreover, the number of locations with the same SKU 

are also limited, so freedom in sequencing between aisles is also limited.  

5.2.3 Load shuffling policies 

Load shuffling is the relocation of products in order to improve storage capacity or throughput. 

“Shuffling the loads before the actual retrieval process can help to minimize the retrieval time.” 

(Hu, Zhu, & Hsu, 2010, p. 683). Furthermore, “Applying the shuffling scheme also imposes positive 

influences on rack utilization and crane utilization.” (Hu, Zhu, & Hsu, 2010, p. 677). 
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Until 1995 there were only a few studies in the field of load shuffling. However, Muralidharan et 

al. (1995) developed two heuristic-based approaches to shuffle products with a combination of 

the random storage and class-based storage assignment policy. When the stacker crane is idle, 

shuffles are performed to place products with higher turnover in better positions. One of the 

heuristics is based on nearest neighbor (NN) algorithm and one is based on the insertion sort (IS) 

method. The insertion method is performing slightly better in terms of service and waiting time.  

In 2001, Moon & Kim (2001) conducted a simulation study that examined if load shuffles were 

improving performance on the random storage policy and the class-based storage policy under 

variability of input orders.  

The simulation proved that the random storage policy was performing well under high variability 

of input orders. Shuffling is only determined to be necessary for stable throughputs in a random 

storage policy when the input variation is above 70%. For a 2- and 3 class-based storage policy, 

the necessity of shuffling is when the input variation is above 60% and 40%, respectively. 

However, shuffling increases throughput for the random, 2- and 3 class-based storage policies, 

when the input variation is above the 40%, 30%, and 10%, respectively. 

From this research it can be concluded that class-based storage policies can obtain better 

throughputs but are less capable of dealing with input variations and require shuffling in that 

case. It is assumed that even more classes increase throughput, but will result in even more 

required shuffling when input variation exists.   

Lastly, Carlo & Giraldo (2012) developed a rearranging-while-working (RWW) strategy that can 

reshuffle products, even when the stacker crane is not idle. During the RWW strategy, the 

reshuffling tasks will be combined with the already existing lists of retrieval requests. Then, 

heuristics are used to optimally combine these retrieval requests with the reshuffles to fulfill the 

kind of storage location policy, e.g. class-based storage policy.  

However, this study focused on minimizing the required time to reshuffle the products in order 

to create the optimum storage distribution. Therefore, the influence of this RWW on the 

throughput should be studied.  

In conclusion, all the analyzed studies are performed on single deep racks, while Lineage has a 

multi-deep rack. The multi-deep rack makes reshuffling a more time-consuming activity. In order 

to reshuffle one full location, multiple trips have to be performed. Therefore, it is unknown if the 

reshuffling will increase throughput when the reshuffling takes much longer due to the multi-

deep racks and the limited idle time. RWW will probably decrease the throughput when 

reshuffling tasks will be executed during other requests and therefore it is questionable if it would 

be suitable for Lineage.   

However, reshuffling is already performed by Lineage during idle time in order to improve rack 

capacity by merging two partial full locations with the same SKU together into a single location. 

But, it is unknown if shuffling can improve throughput by relocation of high turnover products 

closer to the I/O-point.   
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5.3 Literature gaps 

The following literature gaps are identified during the literature study: 

• No studies found about the performance of multi-deep racks with cranes that are 

travelling also in the orthogonal direction (z-direction), i.e. through the racks. Yugang et 

al. (2009) studies multi-deep racks with conveyor belt that transport the pallets in the 

orthogonal direction. Therefore, this is almost the same as a single deep rack. This means 

that there is no study that assumes that the demand of SKUs is not independent. The 

actual order data of Lineage shows that orders often require multiple pallets from the 

same SKU and therefore have to visit the same location multiple times. Therefore, it is 

unknown what for impact this has on the overall performance and on the performance of 

different SLAPs.  

• No studies on dual-shuttle ASRS with discrete racks and what impact this has on the 

different SLAPs. Cagliardi et al. (2012) shows that full or class-based policies have less 

impact in reality than in theory due to the uncertainty real data possess. Therefore, it is 

unknown what the relation between the performance and the SLAP is with a dual-shuttle 

crane and therefore dual, triple or quadruple command cycles.  

• No studies found about a global sequencing method that also take into account the due 

dates. Cagliardi et al. (2015) proposes that a global sequencing method improves 

performance, but does not take due dates into account.  

• No studies found about across-aisle SLAP, such as Cagliardi et al. (2015) proposes, within 

a multi-deep, multi-aisle ASRS warehouse.  
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6 Research Design 

This section answers the second sub research question from Section 3.2 by proposing two 

improvement suggestions. These improvement suggestions are a buffer assignment algorithm 

(BAA) and an across-aisle, class-based turnover SLAP. In the first sub-section below, the method 

of analyzing the performance of the warehouse before and after implementation of the 

improvement suggestions is described. Then, the goals and reasoning behind each 

improvement suggestion is explained in a separate sub section.  

6.1 Method of analysis 

In order to assess the performance of the system after implementing the improvement 

suggestions, simulations are used. The first simulation is mimicking reality and is referred to as 

the as-is simulation. Then, two more simulations are developed, one BAA simulation after 

implementing the BAA and a SLAP simulation after implementing the SLAP.  

The goal of these simulations is to determine the impact of the improvement suggestions on the 

performance of the warehouse. So, the results of the BAA simulation are compared with the as-is 

simulation in order to validate the impact of the BAA on the performance of the warehouse. The 

same is done with the SLAP simulation whereby the results of the SLAP simulation are compared 

with the BAA simulation to determine the impact of the proposed SLAP.  

Simulations are a simplification of reality. Therefore, in order to have a fair comparison, the 

results of the BAA simulation are compared with results of the as-is simulation, so both results 

have the same assumptions and the same deviations from reality.  

The simulations are mostly kept the same, but in the second and third simulation a decision 

within the warehouse system is changed, i.e. the independent variable. This independent variable 

is changing the performance of the warehouse, i.e. the dependent variable. In Table 6.1 below, the 

goal, input data, dependent and independent variables are listed per simulation.  

Table 6.1 simulation designs 

 As-is simulation (Section 7)  BAA simulation (Section 8) SLAP simulation (Section 0) 

Goal Reflect reality Make better buffer 
assignments 

Store pallets in a better way 

Input data - Actual crane speed 
characteristics 
- Actual warehouse layout   
- Actual orders of a whole working 
week. 
- Actual crane failures. 
- Actual pallet locations at midnight 
of each day.  
- Actual buffer assignments (time 
and location)  

- Actual crane speed 
characteristics 
- Actual warehouse layout   
- Actual orders of a whole 
working week. 
- Actual crane failures. 
- Actual pallet locations at 
midnight of each day.  
 

- Actual crane speed 
characteristics 
- Actual warehouse layout   
- Actual orders of a whole 
working week. 
- Actual crane failures. 
 

Independent 
variable 

- Buffer assignment decision Storage location assignment 

Dependent 
variable 

- Throughput capacity Throughput capacity 

Note that the main focus of this thesis is on throughput capacity, but that other KPIs are also taken 

into account, such as average order preparation time, intersectional conveyor travels, OTP, etc.  
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Throughput capacity is used in order to measure if the improvement suggestions are able to 

increase the number of outbound orders while satisfying the 95% OTP. Throughput capacity is 

chosen as measure because the actual throughput cannot be measured since the throughput is 

limited by the number of outbound orders. In order to increase the throughput of the system, the 

number of outbound orders should be increased. It is chosen not to create extra, imaginary orders 

because the actual order characteristics are an important part to fill the gaps in literature.  

By creating extra, imaginary orders real market characteristics can be distorted. An important 

part of this thesis is to show that uncertainty is an important part of actual market characteristics 

and what impact this has on the SLAP.  

6.2 Buffer assignment algorithm 

The BAA is developed for two reasons. Firstly, a buffer assignment algorithm is developed to 

tackle the problems “bad buffer assignments” and “long waiting times at certain cranes” 

mentioned in Section 3.1. Secondly, Cagliardi et al. (2015) showed that a global sequencing 

method in combination with an across-aisle SLAP would result in the best performance. The BAA 

is on one hand determining a global sequencing method and on the other hand required in order 

to implement a new across-aisle SLAP. The BAA is required, because when the pallets are placed 

differently, the actual buffer assignments are no longer valid anymore, because these orders are 

assigned to buffers based on the actual pallet locations. Therefore, the BAA is using a certain logic, 

so the orders can be assigned automatically to a buffer.  

It is expected that the BAA is improving the throughput capacity of the preparation buffers in 

section A, which are identified as the bottleneck in section A. It is expected that the BAA can do 

this because it increases the used level of information compared to the information the process 

controllers currently have available.  

Currently, the process controllers receive a list of orders with their due date and an overview per 

order that is shown in Figure 2.2. The BAA on the other hand, takes into account the exact pallet 

locations, which pallets will be retrieved from which crane when the order is assigned to which 

buffer. Based on all this information, the BAA is able to calculate an expected preparation time 

and can thereby see which buffer is optimal for that particular order.  

However, the BAA is not optimizing the buffer assignment on order level, but keeps the global 

warehouse performance in mind. This is accomplished by the creation of a cost function that is 

primarily based on the expected preparation time, but is also influenced by other variables, which 

is explained more briefly in Section 8.  

In section 8, the assumptions, exact methodology, simulation set-up and results are described. 

The primary KPI of this thesis is the throughput capacity, but the OTP, intersectional conveyor 

travels, and order preparation time characteristics are also reviewed. In the conclusion of Section 

8, the results are discussed and the last sub research question from Section 3.2 is answered 

regarding the BAA.  

6.3 Storage location assignment policy 

The second improvement suggestion is an across-aisle, class-based turnover SLAP, because this 

has the most promising results according the reviewed studies in Section 5.1. The turnover policy 

is chosen above the duration of stay policy, because this requires a lot of reshuffling, even more 

so within a multi-deep rack configuration. Furthermore, a three class-based turnover policy is 

chosen, because Yu, de Koster & Guo (2015) show that three classes give near-optimal solutions 
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in all cases tested. Furthermore, Cagliardi (2015) suggested that the across-aisle class-based 

SLAP is performing better than the within-aisle policy.  

This proposed SLAP is mainly proposed to tackle the problem of “Congestion on the main 

conveyor belt”. It is expected that the SLAP is reducing the congestion on the main conveyor belt 

by reducing the number of intersectional conveyor travels. It is expected that this results in 

shorter conveyor belt travel times and therefore lower average and variability on order 

preparation times. Furthermore, it is expected that the SLAP is also reducing the crane travel and 

waiting time since more demanded pallets are located closer to the I/O point.  

The SLAP is not only distributing the pallets according their turnover within or across cranes, but 

also determining which SKUs or proportion of pallets of a certain SKU should be assigned to which 

section in the warehouse. Currently, orders require pallets from both sections of the warehouse, 

as is the case in Figure 2.2 where all pallets are stored in section A while the pick pallet is stored 

in section B. This results in a long conveyor belt travel time for the pick pallet to section A, or long 

conveyor belt travel times for the other pallets to section B. These intersectional conveyor travels 

are on its turn, contributing to the congestion on the main conveyor belt.  

By dividing SKUs over both sections, the probability of requiring pallets from both sections 

decreases and thereby the average and variability of preparation times. This all creates the 

expectation that the SLAP will increase the throughput capacity.  

In Section 0, the assumptions, exact methodology, simulation set-up and results are described 

more briefly. Lastly, in the conclusion of Section 0, the results of the SLAP simulation are 

discussed and the last sub-research question regarding the SLAP is answered.  
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7 As-is simulation 

As mentioned in section 6 , the goal of this simulation is to replicate reality. This section consists 
of the simulation design and the results of the simulation. Thereafter, these simulation results are 

compared with the real life KPIs to validate and discuss the as-is simulation.   

7.1 Simulation Design 

Below in Figure 7.1, a low chart of the simulation process is visualized. In Appendix G, the used 

data files and examples of these data files are included, for completeness reasons. This sub section 

is describing each part of the simulation. With first, the description of the used input data, the 

pallet allocation process, the methodology behind calculating the travel times and order 

preparation times.  

  

Figure 7.1 flowchart as-is simulation 
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7.1.1 Input data  

The input data of the as-is simulation consists of: 

• Order details, which consist of the required number of pallets per SKU. An example of 

these order details can be found in Table 11.5 

• Actual pallet locations, i.e. information about how many pallets of a certain SKU are in 

which cranes, at which x- and y- coordinates. Earlier studies are mainly performed on 

single deep ASRS systems. In such systems, it is fair to assume that two pallets in 

succession are not related. However, in multi-deep ASRSs, pallets with the same SKU are 

stored behind each other in the same location and since most orders require multiple 

pallets from the same SKU, this location could be visited multiple times in a row. 

Therefore, the assumption about unrelated location visits is no longer valid. This could 

potentially have a big impact and therefore the actual pallet location are included. An 

example of this file is shown in Table 11.6. 

• Buffer allocations, i.e. which order is assigned to which buffer at what time. This is 

necessary since a difference in the assigned buffer between simulation and reality will 

cause a big deviation between the two. Because other pallets will be assigned at another 

time, which results in different waiting queues and will have a snowballing effect. 

Therefore, to show that the simulation is a good representation of reality, the actual 

buffer assignment and the actual order releasing times are used.  

• Speed characteristics of the cranes.  

• Actual crane failures 

The order data, actual pallet locations and buffer allocations, that are used in this thesis, is data 

from three different weeks in May 2019. These weeks are from 6 until 10 May, 13 until 17 May, 

and 20 until 24 May. From now on, these three different weeks is referred to as week 1, week 2, 

and week 3, respectively. Three different weeks are taken in order to prevent that unusual 

behavior would affect the results. Furthermore, the month May is chosen, because this was the 

most recent month with available data.  

Weekends are excluded because the utilization of the cranes is much lower. In the weekends the 

warehouse prepares only orders from 6 a.m. until 6 p.m. This means that at the beginning of the 

week, i.e. Sunday evening, the stacker cranes are probably idle, since the last outbound order is 

prepared 6 hours ago. Therefore, this study assumes an empty crane queue at the start of the 

simulation on Monday at midnight.  

Then, the simulation is run for five subsequent days since the assumption of empty cranes cannot 

be made for the working days, since the warehouse is operating continuously during these days.  

7.1.2 Pallet allocation  

Lineage has its own pallet allocation algorithm, whereby the WCS determines where the pallets 

will be retrieved from at the moment an order is assigned to a particular buffer, as described in 

section 2.5.2.  

This pallet allocation algorithm (PAA), which can be seen in Appendix C, is implemented in the 

simulation. The implemented PAA is considering SKU and BBD, while in reality there are more 

characteristics considered, such as quality standards, quantities, batch restrictions, production 

dates, carrier specific allocation, etc. Consequently, the PAA in the simulation has less restrictions 

than in practice, this will lead to some deviations from reality at some of the trips.  
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7.1.3 Travel time calculations  

The total travel time of a pallet can be broken down into the following four activities, before it 

arrives at the preparation buffer: 

• Waiting at the crane before the stacker crane retrieves the pallet from the storage rack. 

• Travelling from the storage rack to the crane’s I/O point when carried by the stacker 

crane.  

• Travelling from the crane’s I-O point to the determined shuttle crane over the conveyor 

belt.  

• Travelling from the conveyor belt to predetermined preparation buffer when picked up 

by the shuttle crane.  

Each of these activities are explained separately below:  

• The crane retrieval waiting time (WT), i.e. the order is released and the retrieval 

request for the pallet is send to the crane, but the pallet has to wait because the crane is 

processing other tasks. The order is released at the time that the order is assigned to a 

preparation buffer, whereby the pallet allocation algorithm decides from which cranes 

the required pallets are retrieved from. The WCS sends the retrieving requests 

automatically to the particular cranes where the assigned pallets are located in.  

• The stacker crane travel time (CT), i.e. how much time the stacker crane takes to 

complete the command cycle where the pallet is in. Whereby a command cycle is a 

number of different pallets that are stored and retrieved in one round trip of the stacker 

crane. This CT is calculated by using the real pallet positions and speed characteristics of 

the cranes. Thereby, the acceleration, deceleration and maximum velocity, with and 

without pallets on the crane, are used. This is in line with the studies of Hwang & Lee 

(1990) and Chang, Wen & Lin (1995) and the actual formulas to calculate these travel 

times are presented in Appendix H. 

• The conveyor belt travel time (CBT), i.e. how long the pallet takes to travel from the 

output point of a crane to the particular shuttle crane that puts the pallet in the assigned 

preparation buffer.  

• The shuttle crane travel time (ST), i.e. how much time takes the shuttle to place the 

pallet from the conveyor belt in the preparation buffer.  

In the sub sections below, the calculation of each of these times will be elaborated separately. But, 

first the calculation of the preparation time is explained.  

When all these different travel times per pallet are calculated, the pallet that arrives last is the 

preparation end time of the order. However, since the release time is for all pallets the same, the 

preparation time can also be calculated by taking the pallet with the longer total travel time. The 

calculation of the order preparation time can be found in equation 7.1 below.   

 𝐸[𝑝𝑟𝑒𝑝𝑎𝑟𝑎𝑡𝑖𝑜𝑛 𝑡𝑖𝑚𝑒𝑗] = 𝑚𝑎𝑥
𝑖∈𝐼𝑗

(𝑡𝑒𝑛𝑑,𝑖 − 𝑡𝑠𝑡𝑎𝑟𝑡,𝑗) = 𝑚𝑎𝑥
𝑖∈𝐼𝑗

(𝑊𝑇𝑖 + 𝐶𝑇𝑖 + 𝐶𝐵𝑇𝑖 + 𝑆𝑇𝑖) 7.1 

Whereby 𝑖 are all required pallets in order j, 𝑡𝑒𝑛𝑑,𝑖 is the time pallet 𝑖 arrives at the preparation 

buffer, and 𝑡𝑠𝑡𝑎𝑟𝑡,𝑗  is the release time of order 𝑗.  

However, there are also orders with load sequences, i.e.  certain pallets should be loaded first 

before others can be loaded. This means that the next sequence can be released when all pallets 

of the previous sequence arrived within the preparation buffer. Equation 7.2 below is used to 

calculate the order preparation time of sequence order 𝑗 .  
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 𝐸[𝑝𝑟𝑒𝑝𝑎𝑟𝑎𝑡𝑖𝑜𝑛 𝑡𝑖𝑚𝑒𝑗] = 𝑚𝑎𝑥
𝑖∈𝐼𝑗𝐾

𝑡𝑒𝑛𝑑,𝑖 − 𝑡𝑠𝑡𝑎𝑟𝑡,𝑗 = ∑ 𝑚𝑎𝑥
𝑖∈𝐼𝑗𝑘

(𝑊𝑇𝑖 + 𝐶𝑇𝑖 + 𝐶𝐵𝑇𝑖 + 𝑆𝑇𝑖)𝑗𝐾
𝑗𝑘=1   7.2 

Whereby 𝐾 are the number of different sequences within order 𝑗 and 𝑖 are all pallets within a 

sequence 𝑗𝑘. So, 𝐼𝑗𝑘
are all pallets within sequence k of order j. Lastly,  𝑡𝑠𝑡𝑎𝑟𝑡,𝑗  is still the release 

time of order 𝑗 and thereby the release time of the first sequence.   

7.1.4 Stacker crane travel times 

When the pallet allocation algorithm has determined which pallets should be retrieved from 

which crane and which location, the stacker crane travel times (CT) can be calculated.  

To calculate the stacker crane times (CT and WT), a deterministic rack travel time model is used, 

such as in (Bozer & White, 1982). A deterministic travel time model is chosen instead of a 

continuous rack approximation travel time model, because the assumption that visited locations 

are independent of each other is not valid for multi-deep rack configurations.  

The following assumptions are made in the simulation of crane travel times: 

• Deceleration and acceleration have the same magnitude per crane.  

• Deceleration and acceleration are linear.  

• Every command cycle consists of two inbound pallets and cranes do not perform command 

cycles with only inbound pallets, i.e. there is only a waiting queue for outbound pallets. This 

assumption is made to decrease computation time. In this way, the inbound part is left out 

of scope, but a required time for the inbound pallets is taken into account. Always including 

two inbound pallets is overestimating the number of outbound pallets. However, by 

assuming that a command cycle is never started without outbound pallets this 

overestimation is rectified, since in reality command cycles can be performed with only 

inbound pallets (or only outbound pallets for that matter).  

• Inbound pallets are randomly assigned to pallet locations, which is according random SLAP.  

• The prediction of a logical or physical pair for inbound pallets is calculated by taking a 

uniform distributed random variable with a probability of 60% for a physical pair and 40% 

for a logical pair. A physical pair is when the two pallets will go to two different locations, 

while a logical pair is when the two pallets will go to the same location. This 60% and 40% 

are based on last year’s data.  

• The orthogonal (z-direction) is based on last year’s average times and is constant for every 

travel. This assumption is made, to reduce required data and therefore computation times. 

Furthermore, since the orthogonal crane travel time variates with a maximum of eight 

seconds, the impact of this assumption is minimal.  

• The cranes serve retrieval pallets according first come first serve (FCFS). 

• All pallets are the same size and can be stored everywhere, except from the Unilever and 

Dawn Foods pallets that cannot be put away in section A. 

So, the total travel time of a command cycle is calculated by the sum of the travel times between 

the different locations. Whereby, an extra fixed time is added at the beginning and at the end of 

the command cycle, this is the time to retrieve the pallet from the conveyor belt and to put the 

outbound pallets on the conveyor belt. Furthermore, for every location the crane has to visit, a 

fixed time is added to simulate the orthogonal direction travel time and positioning time of the 

stacker crane to find the entrance of the location. Note that the chosen timings are in line with 

reality. 
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7.1.5 Conveyor belt travel times 

The conveyor belt travel time is replicated by fitting a continuous distribution on historical 

conveyor belt travel times. For every stacker-shuttle crane combination, an empirical probability 

distribution function (EDF) is produced. The MATLAB function ‘fitmethis.mat’ (Castro, 2018) 

determines for each combination the best fitting continuous stochastic distribution function by 

taking the distribution with the lowest Log-Likelihood. In Appendix I, two stacker-shuttle crane 

combinations are shown in a histogram with the fitted probability density function.  

This way of determining the conveyor belt travel time is chosen, because the data only gives the 

start and end time of each conveyor belt transport. Although, different causes of delay are known 

and mentioned in Section 3, the impact of each contributor cannot be traced back. Therefore, 

taking a random variable from a fitted distribution is the best way to simulate this process.  

7.1.6 Shuttle crane travel times 

Lastly, the shuttle crane travel times are forecasts based on last year’s historical average timings. 

Averages are taken, since the variation is minimal and is around one second, which is negligible.  

7.2 Results 

The primary goal of the first simulation is to use the simulation as the as-is situation, i.e. are the 

KPIs of the simulation comparable to the KPIs in reality.  

This section is split up in a comparison of reality with the simulation on crane KPIs and on order 

KPIs. The comparison on crane KPIs is to determine if the simulation is a reasonable 

representation of overall warehouse performance. Furthermore, the comparison on order KPIs 

checks if the simulation also reflect reality on order level and if this simulation can be used as 

forecasting tool.  

By taking random variables from multiple distribution functions, every simulation repetition is 

different and deviate from another. In order to exclude coincidence, the same simulation is 

repeated multiple times until a certain confidence range is achieved. The used algorithm is 

proposed by Hoad, Robinson, and Davies (2007), which determine the number of required 

repetitions until the confidence intervals constructed around the mean order preparation times 

are within a specified precision. The specified precision is set on a coefficient of variation of 0.25 

for each order with a 95 % confidence interval level. The coefficient of variation of 0.25 is quite 

high but is set on this level due to computational power restrictions.  

However, every order preparation time should be below the 0.25 coefficient of variation level. 

This resulted in that the simulation of week 1 required 59 replications. However, the mean 
coefficient of variation over all orders, is 0.088. It is assumed that the other simulations also 

require 59 replications.  

7.2.1 Crane KPIs 

In 0 actual crane KPIs and crane KPIs according to the simulations are given in order to show the 

similarities and deviations between reality and simulation. The crane KPIs of reality and the 

simulation are compared on the number of retrieved pallets, which is a useful indicator to check 

if the pallet assignment algorithm is working accordingly. Furthermore, the average and standard 

deviation of the crane times are compared per crane. Whereby, the crane time is the sum of the 
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waiting time and stacker crane travel time. Moreover, the average and standard deviation of the 

conveyor belt travel time (CBT) per pallet from each crane to a buffer is compared as well.  

The used simulated KPIs are averages over the simulation replications, since also the crane KPIs 

are fluctuating. By using one simulation, the results can show a distorted picture due to 

randomness.  

When analyzing the comparison of crane KPIs, the following points can be noticed: 

• The proportion and number of processed pallets of the simulation and reality are quite close 

to each other, with minor deviations. However, the simulation assigns continuously more 

pallets to crane 10 and less to crane 11 and 12 than in reality.  

• The sum of the number of actual processed pallets is slightly higher in reality, since certain 

orders are released twice, due to the absence of trucks. When this happens, the order was 

already prepared but since the truck did not show up the pallet had to put back into storage 

and prepared again at a later moment. In the simulation, only the second release is 

simulated. 

• The crane times are comparable to each other. However, in reality these crane times have 

more variability, which is probably caused by the assumption that a command cycle always 

consist of two inbound pallets and never only of inbound pallets. Furthermore, the crane 

times of crane 2, 3, and 4 are faster in the simulation than in reality. After speaking to 

technical personnel, there were some problems with these cranes and they changed the 

speed settings.   

• The average conveyor belt travel times are close to reality, i.e. the average error on 

conveyor belt travel times is less than 10%.   

• The simulation in week 3 has some long crane failures, whereby in reality no pallets are 

assigned to these particular cranes during failure. In reality, the WCS assigns the tasks to 

other cranes if the crane is in long-term failure. This feature is not incorporated in the 

simulation and pallets are still assigned to these cranes and therefore result in late 

preparations.   

7.2.2 Order KPIs 

In this part the simulated order KPIs are compared with the real life KPIs in order to validate on 

order level.  

In order to do so, the average preparation time per order over the 59 simulation replications is 

compared with the actual order preparation time. The difference between the simulated 

preparation time and the actual preparation time is the forecast error (𝑒𝑖) 

The forecast errors of all orders between 6 and 10 May, between 13 and 17 May, and between 20 

and 24 May of 2019 can be seen in Appendix K.  

In order to have a good understanding of the forecast errors, different error measures are used. 

These are: the mean error, median error, mean absolute error (MAE), mean absolute percentage 

error (MAPE), symmetric mean absolute percentage error (sMAPE). The formulas are stated 

below. These error measure can be found in. Whereby the errors for regular and groupage orders 

are shown separately and together.  

The mean and median are presented to give a representation about a repeating deviation above 

or below zero, while the others are presented to give a good representation of overall reliability 

of the forecast. The MAE gives the average deviation, without the possibility of compensating 

errors below and above zero. The MAPE is the same as MAE, but then represented as a percentage 
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of the total actual preparing time, to give a proportional representation of the deviation. However, 

deviations whereby the actual preparation time is bigger than the forecasted one, are weighted 

heavier. This is best explained with an example. When the actual preparation time is three times 

bigger, the answer is 0.33. But, when the forecast is three times bigger, the error will be 3. This 

results in an average of 1.67, which gives an unrepresentative view. Therefore, the sMAPE is used 

to give a fairer view with regard to the proportional deviation. 

 𝑚𝑒𝑎𝑛 𝑒𝑟𝑟𝑜𝑟𝑡  =  
∑ 𝐴𝑡−𝐹𝑡

𝑛
𝑡=1

𝑛
  7.3 

 𝑀𝐴𝐸𝑡 =
∑ |𝐴𝑡−𝐹𝑡|𝑛

𝑡=1

𝑛
  7.4 

 𝑀𝐴𝑃𝐸𝑡 =
100%

𝑛
∑

|𝐴𝑡−𝐹𝑡|

𝐴𝑡

𝑛
𝑡=1   7.5 

 𝑠𝑀𝐴𝑃𝐸𝑡 =
100%

𝑛
∑

|𝐹𝑡−𝐴𝑡|

|𝐴𝑡|+|𝐹𝑡|/2
𝑛
𝑡=1   7.6 

Whereby n is the sum of all orders t, At is the actual preparation time of order t, and Ft is the 
forecast preparation time of t. 

Table 7.1 Forecast errors per simulation week 

    mean median  MAE MAPE sMAPE 

week1 all -00:01:23 -00:00:50 00:29:57 38,3% 35,8% 

regular -00:07:19 -00:02:16 00:25:36 36,9% 35,7% 

groupage 00:22:01 00:26:02 00:47:07 43,9% 36,0% 

week 2 all -00:08:46 -00:02:57 00:28:10 32,8% 33,8% 

regular -00:13:35 -00:06:26 00:25:22 32,3% 34,7% 

groupage 00:10:14 00:05:20 00:39:12 35,0% 30,1% 

week 3 all 00:05:19 00:01:22 00:35:19 42,9% 36,1% 

regular 00:02:16 -00:00:35 00:31:36 43,1% 36,4% 

groupage 00:18:01 00:18:51 00:50:50 42,3% 35,1% 

However, certain orders are excluded in the error measures, because they had irregularities 

within the data. For example, certain orders were released two times, or certain pallets are added 

to an order while the other pallets of the order were already in the buffer. This creates a much 

longer preparation time and the simulation cannot predict such irregularities. Therefore, these 

orders are not included in the calculation of the error measures.  

From these results can be concluded that individual trips cannot be predicted precisely, since a 

MAD of approximately 30 minutes and a sMAPE of approximately 35% is high. After investigation 

of the big forecast errors, the causes of the deviations are listed in Appendix L0. 

However, the average forecast error is within five minutes, what is reasonable. Moreover, the 

figures in Appendix K show that there is a similar deviation to both sides, which means that the 

simulation doesn’t forecast consistently earlier or later.  

7.3 Conclusion 

It can be concluded that the as-is simulation is quite a good representation of the ASRS warehouse 

on average, because it has no big deviation above or below zero. Furthermore, the simulation has 

a lot of realistic properties, such as acceleration within the travel time model, actual order details, 

modern market characteristics, such as load sequences and pick pallets. All these features make 

the simulation a good representation of an ASRS warehouse.   



32 
 

It can also be concluded that the simulation is not a good predictor of order preparation time, 

because a MAD and a sMAPE of approximately 30 minutes and 36%, are not good indicators.  

In conclusion, the simulation can be used to compare the performance of the warehouse before 

and after implementation of the improvement suggestions. Because, improvement suggestions 

will be entered in a simulation with mostly the same assumptions and input variables. Thus, 

improved performance in the simulation will probably result in improved performance in reality.  
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8 Buffer Assignment Algorithm 

In this section the Buffer Assignment Algorithm (BAA) is described. Firstly, a brief introduction 
of the BAA is given, after which all notations are stated. Then, the approach is explained with the 

pseudocode of the algorithm and a flowchart. Thereafter, the assumptions are listed and in the 

next subsections, all steps in the algorithm are explained in more detail. Lastly, the results of the 

simulation with the implemented BAA is provided, with a conclusion whether the BAA achieves 

the determined goal. 

8.1 Introduction BAA 

The Buffer Assignment Algorithm (BAA) determines when and to which buffer(s) an order should 

be assigned to.  

As mentioned in Section 6.2, the primary goal of the BAA is making a global sequencing method 

and a logical choice in assigning orders to buffers in order to simulate the buffer assignment 

decision. Hereby, the goal is to reduce the number of late prepared orders, and the average and/or 

variability of the preparation times in the bottleneck.  

However, a requirement of the BAA is that the computational time should be acceptable, since the 

BAA should be capable of recalculating the buffer assignment in case of unexpected changes to 

the system. Examples of these sudden changes are long time crane failures or trucks that do not 

show up in time.  

The BAA consists of eight different steps and is figured in Figure 8.1 below.  

 

Figure 8.1 Flowchart of the BAA 
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The BAA consists of three parts. In the first part, i.e. step 1 and 2 in the flowchart, the model is 

initialized and a sequence of outbound orders is determined. This sequence determines in which 

order outbound orders are assigned to buffers. However, note that the BAA can reserve buffers 

that are not available yet. Furthermore, per phase a lower limit is calculated. When there is less 

time for an order to be prepared at a particular phase than this lower limit, the order should not 

be assigned to a buffer in this phase, because the probability of preparing the order in time is not 

high enough.   

Then, the second part, i.e. step 4 until 7 in Figure 8.1, is executed per phase that fulfills the lower 

limit requirement. At every phase the outcome is calculated if it would be assigned to that phase. 

The calculated outcome characteristics are: the number of required buffers, the (expected) 

starting time, the expected preparation time and the cost function.  

The last part, i.e. step 8 in the flowchart, consists of assigning the order to the buffer with the 

lowest cost function and update all queues.  

8.2 Notation  

In this section, the notation of all used variables and parameters are noted. 

Set Index Description 
𝑰 𝑖 Set of phases with buffers (𝐼 = {1,3,4}) 
𝑱 𝑗 Set of outbound orders that day  

𝑷𝒋 𝑝𝑗  Set of pallets within order 𝑗 

𝑪 𝑐 Set of cranes  
𝑲𝒋 𝑘𝑗 Set of sequences within order 𝑗 

 

Parameters Description 
𝒕 The current time 

𝒓𝒊(𝒕) Number of available regular buffers at time 𝑡 at phase 𝑖 
𝒔𝒊(𝒕) Number of available small buffers at time 𝑡 at phase 𝑖 

𝑹𝒊 Number of total regular buffers in phase 𝑖 
𝑺𝒊 Number of total small buffers in phase 𝑖 

𝑳𝒊,𝒓 List of times that the currently busy regular buffer 𝑟𝑖 will be loaded (∀ri ∈ Ri) 
and therefore be available. (Sorted in chronological order) 

𝑳𝒊,𝒔 

 

List of times that the currently busy regular buffer 𝑠𝑖  will be loaded (∀𝑠𝑖 ∈ 𝑆𝑖) 
and therefore be available. (Sorted in chronological order) 

𝒕𝟎,𝒊,𝒋 Time that order 𝑗 can be released when assigned to buffer(s) in phase 𝑖 

𝒕𝒑𝒓𝒊,𝒋 The time of order 𝑗 that is used to determine priority 

𝒕𝑫𝒋
 The order preparation deadline of order 𝑗 

𝝁𝒓𝒆𝒒 Last year’s average preparation time of regular orders 

𝝁𝒔𝒆𝒒 Last year’s average of the preparation time of one sequence 

𝑴𝑻𝒊 The minimal time an order requires to be prepared in phase 𝑖 
𝑬[𝑻𝑻𝒊,𝒑𝒋

] The expected total travel time of pallet 𝑝𝑗  if order 𝑗 is assigned to phase 𝑖 

𝑬[𝑪𝑻𝒄,𝒑𝒋
] The expected crane travel time of pallet 𝑝𝑗  at crane 𝑐 

𝝁𝒄,𝒑𝒋
𝑪𝑩𝑻 Last year’s average conveyor belt travel time of pallet 𝑝𝑗  at crane 𝑐 

𝝁𝒊,𝒑𝒋

𝑺𝑻  Last year’s average shuttle crane travel time of pallet 𝑝𝑗  at shuttle crane in 

phase 𝑖 
𝒕𝒔𝒕𝒂𝒓𝒕,𝒑𝒋

 Expected time that the command cycle of pallet 𝑝𝑗  is started 

𝒕𝒆𝒏𝒅,𝒑𝒋
 Expected time that pallet 𝑝𝑗  arrives in the buffer 

𝒕𝒊𝒅𝒍𝒆,𝒄 (Expected) time the first time that crane 𝑐 after time 𝑡 
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Parameters Description 
𝒕𝒊𝒅𝒍𝒆 (Expected) time where the first crane 𝑐 will be idle after time 𝑡 

𝒕𝒔𝒕𝒂𝒓𝒕,𝒊,𝒑𝒋
 Expected time the first pallet of order 𝑗, when assigned to buffer(s) in phase 𝑖, 

is started with its command cycle 
𝒕𝒆𝒏𝒅,𝒊,𝒑𝒋

 Expected time the last pallet of order 𝑗 enters the buffer in phase 𝑖 

𝑬[𝑷𝑻𝒊,𝒋] Expected preparation time of order 𝑗 when assigned to buffer(s) in phase 𝑖 

𝑨𝒊,𝒋 The variable explained in section… which adds time to the cost function of 
order 𝑗, when assigned to phase 𝑖 

𝛅𝒊,𝒋 Variable explained in section… which adds time to the cost function of order 𝑗, 
when assigned to phase 𝑖. 

𝝉𝒊,𝒋,𝒄 Variable which adds time to all pallets from order 𝑗, when assigned to phase 
𝑖 that are processed by crane 𝑐 

Binary 
variable 

Description 

𝒙𝒊,𝒋 Indicates if an assignment of order 𝑗 to phase 𝑖 will result in a 𝑡0,𝑖,𝑗 that is later 

than 𝑡𝑖𝑑𝑙𝑒 . This means that  𝜏𝑖,𝑗,𝑐 should be added to the 𝐸[𝑃𝑇𝑖,𝑗] calculation. 
 

8.3 Assumptions 

The assumptions to calculate the expected preparation time that is used in the BAA, are listed 

below: 

• The expected conveyor belt travel time 𝐸[𝐶𝐵𝑇] is calculated from a stacker crane to a 

certain phase. For example, a pallet goes from crane 2 to a shuttle crane in phase 3, the 

𝐸[𝐶𝐵𝑇] is the average of the 𝐸[𝐶𝐵𝑇] from crane 2 to the two shuttle cranes in phase 3. 

The 𝐸[𝐶𝐵𝑇] is calculated over all shuttle cranes within a phase to decrease the number of 

possibilities in order to reduce the computational time. Moreover, the potential benefit of 

distinguishing between the assignment to shuttle cranes within the same phase is limited, 

because the conveyor belt times only differ a maximum of five minutes.  

• Pallet allocation algorithm reserves pallets according priority. This will be explained in 

section 8.4.5. This assumption is made because the BAA will release more orders 

simultaneously, which results in increased waiting times. If the FCFS policy would be 

maintained, sequence orders will not be prepared in time. Because, as soon as the first 

sequence ends and the new sequence is released, they should join at the end of the queue. 

• The loading process is started when the order is prepared and the truck is arrived. 

Thereby, actual truck arrival times and the average loading time of last year are used.  

Besides the above-mentioned assumptions, the following assumptions are the same as in Section 

7.1 and therefore the explanation of these assumptions can be found there.  

• The given speed characteristics of the cranes are correct. 

• There are always two inbound pallets waiting to be included in the command cycle, see 

Section 7.1. 

• A command cycle never starts without at least one retrieval pallet.  

• The inbound pallets are stored completely random, i.e. the probability of storing a pallet 

in a location, is for every location the same.   

• The probability of storing two pallets in the same location is 40% and the probability of 

storing two pallets in two different location is 60%. This is according to the yearly 

historical average.  

• All pallets are the same size and can be stored everywhere, except from the Unilever and 

Dawn Foods pallets that cannot be assigned in section A.  
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8.4 Explanation algorithm 

In this section, the BAA is explained per step. But first, the algorithm is presented in pseudocode 

below. Note that the steps in pseudocode are in line with the flowchart of the BAA in . 

 

8.4.1 Step 1: Initialize model  

In this step the starting time, the number of available buffers at that starting time and the 

expected time that the occupied buffers will be available again, are determined.  

Firstly, the BAA is started at the end of each day at 18:00, an hour after all orders of the next day 

are received in WMS, as explained in Section 2.5.2. From this time, it is possible to start preparing 

orders for the next day, because clients cannot change orders anymore. However, the BAA is 

flexible and robust and can therefore be executed at any given moment. 

Secondly, the number of actual free buffers are determined when simulation starts. Then, the 

expected times that currently occupied buffers will be available, are saved in 𝑄𝑖,𝑟 and 𝑄𝑖,𝑠, for the 

regular (𝑟𝑖) and small buffers(𝑠𝑖) in phase 𝑖.  
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For example, the set of regular buffers in phase 1 consists of three buffers 

and the time is 00:00. The answer of 𝑄𝑖,𝑟(3) = 00:08. So, if an order requires 

three buffers in phase 1 and there is currently no buffer free, the release 

time of order 𝑗 when assigned to phase 1, would be 00:08. This release time 

of order 𝑗 to phase 1 is described as 𝑡0,𝑖,𝑗.  

8.4.2 Step 2: Determine order sequencing 

In this step, an order sequence is calculated, i.e. in which sequence should outbound orders be 

assigned to the buffers. This sequencing step is important because orders which are started 

earlier can potentially impact the preparation times of orders that are started later. This is 

because orders might want to assign the same pallets of a certain SKU, or will use the same crane.  

Calculating the optimal solution by enumeration would be very time consuming and this is against 

the requirement that the BAA should be calculated rather quickly. Because, the first order of the 

next day should start the preparation approximately 3 hours after all orders are received. 

Moreover, changes in the due date happen often and the sequence should be able to adapt on this.  

Therefore, the sequence of orders is determined by a heuristic. Firstly, a so-called priority time 

𝑡𝑝𝑟𝑖,𝑗 is calculated over all orders. This priority time can be calculated by extracting the mean 

order preparation time from the deadline 𝑡𝐷𝑗
 of order 𝑗. However, a distinction is made between 

regular and sequence orders, which are stated below. The first equation calculates the priority 

time of order 𝑗 if it is a regular order and the second equation calculates it when order 𝑗 is a 

sequence order with 𝑗𝐾 number of loading sequences.  

 𝑡𝑝𝑟𝑖,𝑗 = 𝑡𝐷𝑗
− μ𝑟𝑒𝑔 8.1 

 𝑡𝑝𝑟𝑖,𝑗 = 𝑡𝐷𝑗
− 𝑗𝐾 ∗ μ𝑠𝑒𝑞 8.2 

Whereby μ𝑟𝑒𝑞 and μ𝑠𝑒𝑞 are last year’s mean preparation times of a regular order and of one single 

sequence. 

Then, the sequence of orders is determined by the earliest priority time first. However, when 

priority times are the same, they are sorted on the most pallets first. From there on this 

determined sequence is now assumed to be fixed.  

This ‘priority time’ is developed to prevent that orders that have less priority are assigned earlier, 

when they do not need to be, while subsequent orders cannot be prepared in time due to the extra 

waiting time that the previous assigned order caused.  

Furthermore, this priority sequence will also be used in the simulation, i.e. the crane queues will 

now be handling pallets according this priority instead of first come first served, as was the case 

in the as-is simulation. This will decrease the number of late prepared orders.  

8.4.3 Step 3: Calculate minimal time to prepare  

In order to prevent that orders are assigned to buffers with a high probability of a late 

preparation, a minimal time to prepare is determined. This minimal time to prepare (𝑀𝑇𝑖) is 

calculated for buffers in section A and B separately. When there is less time to prepare the order 

at phase 𝑖, than the 𝑀𝑇𝑖 prescribes that this order should not be assigned to phase 𝑖. When none 

of the buffers fulfill this requirement, this requirement is abandoned. Most of the time, the order 

can be prepared in time, but not against the 95% probability that corresponds to the 95% OTP. 

However, when the BAA is implemented in reality a pop-up should be shown in order to inform 

 𝑸𝟏,𝒓(𝒏) 

1 00:05 
2 00:05 
3 00:08 
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the process controller about the increased risk of a late order. Then, the process controller can 

decide what to do.   

This minimal time to prepare is calculated based on the mean and standard deviations of last 

year’s preparation times. Also, a distinction is made between regular and sequence orders. The 

𝑀𝑇𝑖 is calculated with the assumption that the preparation times are normally distributed and 

with a z-score of 1.96, i.e. a 97.5% upper limit confidence level.   

The 97.5% upper limit confidence is taken as extra safety margin, since it is known that the 

distribution of order preparation times is heavily right skewed. Therefore, would the 95% 

interval of normal distribution result in a lower than 95% OTP.   

8.4.4 Step 4: Calculate starting position of order 𝑗 if assigned to 

buffer in phase 𝑖 

In this step, it is determined how many buffers order 𝑗 would require if it would be assigned to a 

buffer in phase 𝑖 and at which time these buffers will be available. 

Firstly, the required number of buffers are calculated and are depending on which phase 𝑖, since 

phase 1 does not have small buffers. These required regular and small buffers are called 𝑏𝑖,𝑗,𝑟𝑒𝑞 

and 𝑠𝑖,𝑗,𝑟𝑒𝑞 . A regular buffer can store up to 33 pallets, while a small buffer can store only 11 

buffers, i.e. one regular buffer is the size of three small buffers. So, first the number of buffers is 

written in the number of small buffers required, e.g. if there are 14 pallets in an order, this order 

requires two small buffers. 

The principle is: assign regular buffer first. So, if for example an order requires three or more 

small buffers, one regular buffer is assigned first and then the remainder will be prepared on the 

small buffers. When an order requires less than three small buffers, they will be assigned to small 

buffers, if these are available. Regular buffers are assigned first, because the small buffers are 

preferred for the smaller orders, i.e. orders with 22 pallets or less. In this way, less preparation 

space is lost.  

Secondly, the release time 𝑡0,𝑖,𝑗  of order 𝑗, i.e. the time the order is assigned to a buffer in phase 𝑖, 

is determined. This depends on the actual number of free buffers in that phase. If there are more 

buffers available than required, the order can be assigned immediately. However, when this is not 

the case, the release time depends on the expected end time of buffers that are busy. As mentioned 

in section 8.4.1, these expected end times can be found in the queues 𝑄𝑖,𝑟  and 𝑄𝑖,𝑠. 

Furthermore, it is also possible that both a regular and small buffer are required, but neither is 

available currently. Then, the release time of this order is the maximum of the expected time the 

first regular the first small buffer will be available. 

8.4.5 Step 5: Perform pallet allocation algorithm 

The pallet allocation algorithm (PAA) is implemented as if it is time 𝑡0,𝑖,𝑗, i.e. the expected crane 

queues at time 𝑡0,𝑖,𝑗 are used as input. However, the pallets that are assigned are already reserved 

at the current time 𝑡. Which means that a subsequent order with a lower priority cannot assign 

these reserved pallets anymore, even if this lower priority order is released earlier.  

For example, 𝑆𝑒𝑡 𝑡 = 00.00 and an order requires one regular buffer. However, all buffers in 

phase 1 are already occupied and the expected time that the next buffer will be available in phase 

1 is 00.14. If this order is assigned to a buffer in phase 1, its actual release time is 00.14. Note that 

the required pallets of this order are reserved at this time and are not available for retrieval 
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orders with lower priorities. However, since there are still buffers available in phase 3 and 4, 

other orders will be assigned to buffers in phase 3 and 4 with the release time of 00.00.  

Reserving pallets in this manner prevent that the order deviates from reality. When this reserving 

would not have been implemented, it is possible that the pallet allocation algorithm assigns 

different pallets in reality than that is used in calculation of the cost function.  

8.4.6 Step 6: Calculate expected travel times  

The next step is calculating the expected travel times for order 𝑗 when assigned to buffers in phase 

𝑖. The assigned pallets by the PAA are added to the retrieval request queues at the cranes. Then, 

the expected waiting time, stacker crane travel time, conveyor belt travel time, and shuttle crane 

travel time can be calculated. Ultimately, with these times, the preparation time can be calculated, 

which is an important part of the cost function.   

As explained earlier, instead of using random variables from fitted distribution functions, 

expected values are used. So, the expected total travel time of pallet 𝑝𝑗  from order 𝑗 can be 

calculated by Eq. 8.3.  

 𝐸 [𝑇𝑇𝑖,𝑝𝑗
] = 𝐸 [𝐶𝑇𝑐,𝑝𝑗

] + 𝜇𝑐,𝑖,𝑝𝑗

𝐶𝐵𝑇 + 𝜇𝑖,𝑝𝑗

𝑆𝑇 = 𝑡𝑒𝑛𝑑,𝑖,𝑝𝑗
− 𝑡𝑠𝑡𝑎𝑟𝑡,𝑖,𝑝𝑗

 8.3 

Whereby 𝐸[𝐶𝑇𝑐,𝑝𝑗
] is the expected crane travel time of the command cycle where pallet 𝑝𝑗  is part 

of. The exact calculation of this part will be explained in the next subsection. Furthermore, 

𝜇𝑐,𝑖,𝑝𝑗

𝐶𝐵𝑇  and 𝜇𝑖,𝑝𝑗

𝑆𝑇  are the mean conveyor belt travel time from crane 𝑐 to the stacker crane in phase 

𝑖 and the mean shuttle crane travel times of the shuttle cranes in phase 𝑖. Moreover, 𝑡𝑠𝑡𝑎𝑟𝑡,𝑝𝑗
 and 

𝑡𝑒𝑛𝑑,𝑝𝑗
 are the time that pallet 𝑝𝑗  starts with its command cycle and the time pallet 𝑝𝑗  arrives at 

the destinated buffer. Then, the expected preparation time can be calculated by the following 

equation: 

 𝐸[𝑃𝑇𝑖,𝑗] = 𝑚𝑎𝑥
𝑝𝑗∈𝑃𝑗

{𝑡𝑒𝑛𝑑,𝑖,𝑝𝑗
} − 𝑚𝑖𝑛

𝑝𝑗∈𝑃𝑗

{𝑡𝑠𝑡𝑎𝑟𝑡,𝑖,𝑝𝑗
} 8.4 

This means that the preparation time of order 𝑗 to buffers in phase 𝑖 is the time that the last pallet 

𝑝𝑗  arrives in the buffer minus the time the first pallet 𝑝𝑗  is started with its command cycle.  

8.4.6.1 Calculating crane travel times 
The expected crane travel time is calculated for each command cycle. A command cycle consists 

of two storage pallets and one or two retrieval pallets, depending on the retrieval request waiting 

queue at the crane.  

Eq. 8.5 below calculates the expected travel time when there are two retrieval pallets that have 

to be retrieved from two different pallet locations, pallet location 𝑚 and pallet location 𝑛. 

Whereby pallet location 𝑛 is always closer to the I-O point than pallet location 𝑚, because the 

farthest location from the I-O point is always retrieved first.  

This formula consists of the expected travel time of the storage pallets, the expected travel time 

between the last storage request and pallet location 𝑚, the crane travel time from pallet location 

𝑚 to pallet location 𝑛, and the crane travel time from pallet location 𝑚 to the I-O point. Then, in 

order to take crane failure into account, the expected crane travel time is divided by the mean 

availability of the particular crane, 𝐴𝑐 .  

However, Eq. 8.6  is the same formula as Eq. 8.5, but it calculates the expected travel time with a 

command cycle that consists of only one retrieval pallet or two retrieval pallets that have to be 

retrieved from the same pallet locations.  
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 𝐸[𝐶𝑇𝑐𝑐] = (𝐸[𝐼𝑛𝑏𝑜𝑢𝑛𝑑] + 𝐸[𝑖𝑛𝑡𝑒𝑟𝑎𝑟𝑟𝑖𝑣𝑎𝑙𝑚] + 𝐶𝑇𝑚,𝑛 + 𝐶𝑇𝑛,0)/𝐴𝑐 8.5 

 E[CTcc] = (𝐸[𝐼𝑛𝑏𝑜𝑢𝑛𝑑] + 𝐸[𝑖𝑛𝑡𝑒𝑟𝑎𝑟𝑟𝑖𝑣𝑎𝑙𝑚] + 𝐶𝑇𝑚,0)/𝐴𝑐 8.6 

   
𝐸[𝐼𝑛𝑏𝑜𝑢𝑛𝑑] is the expected time two storage pallets require to be stored. 𝐸[𝐼𝑛𝑏𝑜𝑢𝑛𝑑] can be 

calculated by Eq. 8.7 below. This equation calculates the mean inbound crane travel time over all 

possible inbound pallet combinations, with the assumption of random storage.   

 𝐸[𝐼𝑛𝑏𝑜𝑢𝑛𝑑] =
0.4

𝑃
⋅ ∑ 𝐶𝑇𝑝,𝑞𝑝∈𝑃 +

0.6

𝑃⋅𝑄
⋅ ∑ ∑ (𝐶𝑇0,𝑝 + 𝐶𝑇𝑝,𝑞 ⋅ 𝑑𝑝,𝑞 ⋅ 2)𝑞∈𝑄𝑝∈𝑃 , 8.7 

 
𝑑𝑝,𝑞 = {

 1,   𝑖𝑓 𝑝𝑥  <  𝑞𝑥  𝑜𝑟 (𝑝𝑥 = 𝑞𝑥 𝑎𝑛𝑑 𝑝𝑦 < 𝑞𝑦)

0,   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                  
 

 

Whereby 𝑝 are all possible pallet locations within a crane (𝑝 ∈ 𝑃) and 𝑞 are all possible locations 

when 𝑝 is already chosen (𝑞 ∈ 𝑃 ∖ {𝑝}). Furthermore, 𝑝𝑥  and 𝑝𝑦 represent the x and y coordinates 

for pallet locations 𝑝𝑥 ∈ 𝑋 and 𝑝𝑦 ∈ 𝑌, whereby X and Y are the number of pallet locations within 

a crane in horizontal and vertical direction. For 𝑞𝑥 and 𝑞𝑦 hold the same as for 𝑝. The 𝑑𝑝,𝑞 is a 

binary variable which determines if location 𝑝 is nearer to the I/O point than location 𝑞. If this is 

the case, 𝐶𝑇𝑝,𝑞 is also 𝐶𝑇𝑞,𝑝, because the nearest location is always visited first in the command 

cycle.  

Note that 𝐸[𝐼𝑛𝑏𝑜𝑢𝑛𝑑] is independent of the retrieval requests, so this is the same for every 

command cycle.  

Furthermore, 𝐸[𝑖𝑛𝑡𝑒𝑟𝑎𝑟𝑟𝑖𝑣𝑎𝑙𝑚] is calculated in a similar way as the 𝐸[𝐼𝑛𝑏𝑜𝑢𝑛𝑑]. However, it is 

dependent on the input variable 𝑚, i.e. the pallet location of the first retrieval pallet within the 

command cycle. 𝐸[𝑖𝑛𝑡𝑒𝑟𝑎𝑟𝑟𝑖𝑣𝑎𝑙𝑚] can be calculated according Eq. 8.8 below.  

 𝐸[𝑖𝑛𝑡𝑒𝑟𝑎𝑟𝑟𝑖𝑣𝑎𝑙𝑚] = ∑ 𝐶𝑇𝑞,𝑚𝑞∈𝑄 ⋅ 𝑃𝑞 8.8 

Whereby 𝐶𝑇𝑞,𝑚 is the crane travel time between the location of the last stored pallet 𝑞, to the 

pallet location of the first retrieved pallet 𝑚.  𝑃𝑞 is the probability that location 𝑞 is the location 

where the last storage pallet is stored. This probability can be calculated by:  

 
𝑃𝑞 =

0.4

𝑄
+ 0.6 ⋅

∑ 𝑑𝑝,𝑞𝑝∈𝑃

𝑃⋅𝑄
,  𝑑𝑝,𝑞 = {

 1,   𝑖𝑓 𝑝𝑥  <  𝑞𝑥 𝑜𝑟 (𝑝𝑥 = 𝑞𝑥  𝑎𝑛𝑑 𝑝𝑦 < 𝑞𝑦)

0,   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                  
 

8.9 

Whereby 𝑄 is the set of all locations where the last retrieved pallet could come from, i.e. all 

locations without location 𝑚, i.e.  𝑞 ∈ 𝑄 ∖ {𝑚}. And, 𝑃 is the set of all locations where the first 

stored pallet can be stored, when location 𝑞 is already set, i.e. 𝑝 ∈ 𝑃 ∖ {𝑞}. Furthermore, the 0.4 

and 0.6 are the probabilities that the inbound pallets are stored within the same location or in 

two different ones. This is important because the probability that pallet location 𝑞 is the last pallet 

location between the two inbound pallets differs when one or two locations have to be visited.  

8.4.7 Step 7: Calculate cost function 

The BAA calculates per phase a cost function for the order with the highest priority which is not 

assigned yet. The BAA assigns the order to the phase with the lowest cost function.  

The cost function is mainly based on the expected preparation time of an order, but variables are 

added to improve the performance of the BAA under certain circumstances.  

The formula of the cost function 𝐶𝐹𝑖,𝑗, for order 𝑗 if assigned to phase 𝑖 is presented in equation 

8.10 below. 

 𝐶𝐹𝑖,𝑗 = 𝐸[𝑃𝑇𝑖,𝑗] + δ𝑖,𝑗 + 𝐴𝑖,𝑗 8.10 



41 
 

Whereby, 𝐸[𝑃𝑇𝑖,𝑗] is the expected preparation time when order 𝑗 is assigned to buffer 𝑖.    

δ𝑖,𝑗 adds extra time to the cost function when the utilization across cranes is distributed 

disproportionally. Furthermore, 𝐴𝑖,𝑗 adds extra time to the cost function when the availability of 

the buffers across the phases are distributed disproportionally. Each of variables are explained 

more thoroughly in separate sub section below.  

Furthermore, there is a third variable that has influence, but this will change the 𝐸[𝑃𝑇𝑖,𝑗] and is 

therefore not visible in this equation. This variable is 𝜏𝑖,𝑗,𝑐 and removes the unfair benefit of zero 

waiting time when orders are assigned to buffers that are not available yet. However, this is 

explained more thoroughly in a separate sub section as well.   

The 𝐸[𝑃𝑇𝑖,𝑗] is the main part of the cost function, because this determines which preparation 

buffer would be optimal for this order. By assigning orders based on expected preparation time, 

the number of long conveyor belt transports will probably decrease, because these will have 

longer expected preparation times. Furthermore, when an order is assigned to a buffer that 

results in a pallet allocation to cranes with long waiting queues, it will increase the expected 

preparation time and will therefore not be chosen if an assignment to another phase will have 

shorter queues. Note that the BAA therefore aims to reduce the main contributors ‘long waiting 

times at certain cranes’ and ‘congestion on the conveyor belt’ of the throughput problem, as 

described in Section 3.3. 

Thus, the variables are influencing the cost function whereupon the BAA does not choose the 

buffer that is optimal for this particular order, but chooses the buffer that increases the overall 

warehouse throughput. In other words, the optimal choice of one particular order, can be 

different from what would be optimal for the performance of the warehouse in a whole.  

8.4.7.1 cost variable 𝛿𝑖,𝑗  

Variable δ𝑖,𝑗 is added to the cost function, because assigning buffers solely on expected 

preparation times would punish buffer allocations that assign pallets to cranes with lower 

utilization in comparison with buffer allocations that assign to only cranes with higher utilization. 

For example, a buffer assignment in phase 3 will result in a pallet assignment that assigns pallets 

to crane 7 until 10, whereby there is a long waiting queue at crane 8 until 10 and no queue at 

crane 7. A buffer assignment in phase 4 will result in pallet assignment that assigns the pallets to 

crane 8 until 11, where crane 11 has also a long waiting queue. The result will be that buffer 4 

will be chosen, because its expected preparation time will be lower, due to the lower difference 

between the first and last retrieved pallet. However, the assignment to a buffer in phase 3 has a 

longer preparation time, but the order is prepared earlier and levels the utilization and waiting 

queue of crane 8 with crane 9 until 11. So, assignment to a buffer in phase 3 should be preferred, 

but this is not the case when solely the expected preparation time would have been chosen as 

cost function.  

Therefore, variable δ𝑖,𝑗 is adding extra time based on the opportunity cost principle, i.e. the loss 

of profit when the best option would have been chosen instead of the currently chosen option.  

δ𝑖,𝑗 is the time between the starting time of order 𝑗 when assigned to phase 𝑖 and the time the first 

crane is idle. The mathematical description of this variable is presented in Eq. 8.11 below. 

 δ𝑖,𝑗 = 𝑚𝑖𝑛
𝑝𝑗∈𝑃𝑗

{𝑡𝑠𝑡𝑎𝑟𝑡,𝑝𝑗
} − 𝑚𝑖𝑛

𝑐∈𝐶
{𝑡𝑖𝑑𝑙𝑒,𝑐} 8.11 

Whereby is the first time any of the cranes 𝑐 is idle after current time 𝑡. min
𝑐∈𝐶

{𝑡𝑖𝑑𝑙𝑒,𝑐} 
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In conclusion, δ𝑖,𝑗 adds extra time to the expected preparation time in order to encourage leveling 

the load over the different cranes.  

8.4.7.2 cost variable 𝐴𝑖,𝑗 

cost variable 𝐴𝑖,𝑗  is added to the cost function to improve global buffer assignment decisions 

instead of optimizing buffer assignment per order.  Examining real life buffer choices showed that 

orders with high benefits for assigning to phase 1 instead of phase 3 or 4 were often not able to 

assign to phase 1 due to the lack of available buffers. When, the earlier assigned orders to phase 

1 were examined, it showed that multiple orders had small benefits between phase 1 and phase 

3 or 4. Although this is the optimal buffer assignment of these orders, it is not optimal for the 

overall performance of the warehouse. 

Variable 𝐴𝑖,𝑗 is developed to prevent that orders with small gains are assigned to the bottleneck, 

when the availability is much lower in this phase in comparison with other phases. variable 𝐴𝑖,𝑗 

is adding time to the cost function when the proportion of free buffers of phase 1 or 4  is lower 

than that of phase 3. This difference in proportion of free buffers between the phases is multiplied 

with 45 minutes. 45 minutes is a parameter that can be adjusted. However, after a short analysis, 

45 minutes resulted in the best performance of the BAA.  

The variable 𝐴𝑖,𝑗 can be calculated by Eq. 8.12 below.  

 𝐴𝑖,𝑗 = (
𝑏3

𝐵3
−

𝑏𝑖

𝐵𝑖
)  ⋅  45 minutes 8.12 

Note that this 𝐴𝑖,𝑗 only holds for phase 1 and 4, because phase 3 is the starting point with having 

by far the greatest number of preparation buffers. Phase 1 and 4 should therefore only be chosen 

if they have significantly shorter preparation times. Furthermore, phase 3 has reserve buffers 

where orders can be assigned to, if problems occur. Ten preparation buffers in phase 3 are 

preferred not to be used, because these are on high altitudes and therefore more difficult to reach 

by a forklift operator. This increases the potential risk of damaged goods. Therefore, these ten 

preparation buffers are only used in emergency or to prevent late prepared orders.  

Thus, a time variable 𝐴𝑖,𝑗  is added to the cost function of phase 1 or 4 if the proportion of free 

buffers in phase 3 is higher than in phase 1 or 4. This has the effect that every time the difference 

between the proportion of free buffers in phase 1 and phase 3 increases, the difference between 

expected preparation time should increase as well in order to assign a buffer to phase 1.  

8.4.7.3 cost variable 𝜏𝑖,𝑗,𝑐 

The cost variable τ𝑖,𝑗,𝑐  is not visible in the direct cost function, but is adding extra time within the 

expected preparation time of the order. This variable 𝜏𝑖,𝑗,𝑐 is developed because reserving buffers 

in the future can possibly result in an unfair comparison based on preparation time.  

For example, the PAA is assigning exact the same pallets when an order is assigned to a buffer in 

phase 1 or phase 3. But in phase 1 the buffer is available three hours from now, while the order 

in phase 3 can be assigned immediately. In this case, the expected preparation time will be much 

lower in phase 1, because there will be no waiting queues three hours from now. This is maybe 

the optimal choice for this order, but not for the overall warehouse performance. In this way, 

orders are assigned to buffers in phase 1 that does not have benefit based on pallet assignment 

and thereby disables the opportunity to assign orders that have.    

To prevent this from happening, the variable 𝜏𝑖,𝑗,𝑐 is added when the opportunity time 

(𝑚𝑖𝑛
𝑐∈𝐶

{𝑡𝑖𝑑𝑙𝑒,𝑐}) is earlier than the expected release time of the order if assigned to a buffer in phase 

𝑖. This is denoted by the binary variable 𝑥𝑖,𝑗, which can be calculated by Eq. 8.13 below. 
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𝑥𝑖,𝑗 = {

1, 𝑖𝑓  𝑡0,𝑖,𝑗 > 𝑡𝑖𝑑𝑙𝑒                                          

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                  
 

8.13 

When the release time is later than the opportunity time, the benefit of empty cranes should be 

taken out of the comparison by adding a time variable 𝜏𝑖,𝑗,𝑐. This 𝜏𝑖,𝑗,𝑐 adds the current waiting 

time from each crane to the expected total travel time of the pallets that are assigned to a buffer 

that is not available yet.  

The calculation of the total travel time of a pallet from order 𝑗 that is assigned to a future available 

buffer is as follows: 

 𝐸 [𝑇𝑇𝑝𝑗
] = 𝐸 [𝐶𝑇𝑝𝑗,𝑐] + 𝜏𝑖,𝑗,𝑐 ⋅ 𝑥𝑖 + 𝜇𝑐,𝑖

𝐶𝐵𝑇 + 𝜇𝑖
𝑆𝑇 = 𝑡𝑒𝑛𝑑,𝑝𝑗

− 𝑡𝑠𝑡𝑎𝑟𝑡,𝑝𝑗
 8.14 

Whereby,  𝑥𝑖 is a binary variable that is 1 when the first available buffer in phase 𝑖 is later than 

the opportunity release time.    

In conclusion, the variable 𝜏𝑖,𝑗,𝑐 excludes the benefit of smaller waiting times when orders are 

assigned to buffers that are not available yet. By doing so, orders are only assigned to future 

available buffers when they have beneficial pallet allocations.  

8.4.8 Step 8: Assign order to buffer 

The last step is assigning the order to the phase with the lowest cost function. Then, the rest of 
the system should be updated. This is done by adding the pallets that are assigned in step 4 by 

the PAA for phase 𝑖∗,  to the expected crane queues.  

Furthermore, the expected time the order is loaded is calculated. This time is required for the 

assignment of the buffer to an order that can be prepared when this order is loaded and the buffer 

is available again. The expected time the order is loaded is calculated by Eq. 8.15 below 

 𝐸[𝑡𝐿,𝑗] = 𝑡𝐷𝑗
+ 𝜇𝐿  8.15 

Whereby 𝑡𝐷𝑗
 is the order preparation deadline and 𝜇𝐿  is last year’s average time between the 

order preparation deadline and the time the order was loaded.  

As explained in Section 2.5, loading is not in the scope of this thesis. Therefore, it is assumed that 

the buffer can be started with loading when both the truck arrived and the order is prepared. To 

determine when the truck arrived, real life truck arrival data is used. When both the truck is 

arrived and the order is prepared, the average loading time of last year is added in order to 

determine the time an order is loaded. Note that the order is loaded, i.e. 𝐸[𝑡𝐿,𝑗] ,  is the same time 

as the time the buffer is available again.  

Therefore, the 𝐸[𝑡𝐿,𝑗] is added to the queue 𝑄𝑖,𝑏 and 𝑄𝑖,𝑠 dependent on which phase is chosen for 

this order and which and how many buffers were required (𝑏𝑖∗,𝑗,𝑟𝑒𝑞 and 𝑠𝑖∗,𝑗,𝑟𝑒𝑞).  

8.5 Simulation set up 

As mentioned in section 6, the performance of the simulation before and after implementation of 

the BAA are compared with each other.  

In the as-is simulation, the actual buffer assignments were used and the simulation ran 

uninterrupted through the data of the whole week. However, in the BAA simulation, the BAA 

determines the time and to which buffer an order is assigned.  
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The BAA is executed every time when there is at least one regular buffer available in one of the 

phases. Then, the BAA assigns orders, according their priority to the buffers, until all buffers are 

assigned.  

When all buffers are assigned, the simulation part is started, where conveyor belt travel times are 

generated by taking random distributed variables and inbound pallets are assigned randomly to 

pallet locations. Furthermore, the actual crane failures are added. Note that this simulation part 

did not change in comparison with the as-is simulation. When the first buffer is loaded and 

becomes available, the BAA is started again.  

In Appendix M, the flowchart of the interaction between the BAA and the simulation part is 

presented. It can be seen that the simulation and BAA interact constantly. Since the BAA is 

dynamic and can react differently when the input changes, the simulation is repeated multiple 

times in order to exclude randomness. This simulation is also repeated 59 times, like the as-is 

simulation.   

8.6 Results 

In this section the results of the simulation with the implemented BAA is compared with the as-

is simulation. Both simulations are compared on the average, standard deviation, and coefficient 

of variation of the preparation times. Moreover, the average time the order is prepared before the 

deadline and the total buffer reservation time are compared as well. Lastly, the average number 

of buffer assignments, late prepared orders and inter section conveyor belt travels are compared.  

The results of the simulated order KPIs, crane KPIs and travel time after the Monte Carlo 

simulation are presented in Appendix N, Appendix O, and Table 8.1, respectively. But, the most 

important findings are presented in  and Table 8.2.  

 

 

Table 8.1 Average pallet travel times BAA 
simulation 

In , all preparation times of orders prepared in section A of all simulation repetitions and weeks 

are combined in this graph. Whereby the red bars are representing the preparation times in 

section A after implementing the BAA and the blue are representing the preparation times in 

section A according the as-is simulation. The 95th percentile is taken as referencing point, 

because this percentile would have resulted in an OTP of 95% if this time was taken as 

preparation time. When the 95th percentile would have been taken as reservation time for the 

buffer, the BAA would reduce the buffer reservation time in section A with approximately 55 

minutes, i.e. 34.7%.  

  

 
mean std 

CT 00:03:39 00:00:36 

WT 00:20:07 00:32:32 

CBT 00:12:17 00:13:11 

Figure 8.2 Comparison of all order preparation times assigned to buffers in section A of all simulation repetitions 
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Table 8.2 Average increase of KPIs over three weeks after BAA implementation 

 Difference BAA vs. as-is simulation  proportional difference 

KPIs section A section B total section A section B total 

mean preparation time -00:04:53 00:24:59 00:17:47 -6.2% 33.7% 25.2% 

SD preparation time -00:12:44 00:07:08 00:07:00 -22.9% 11.6% 11.8% 

cv preparation time -0.1474 -0.1375 -0.0893 -16.7% -14.2% -8.6% 

prepared before deadline 00:50:36 00:58:38 01:00:10 25.9% 20.2% 23.1% 

number of buffer assignments -62 62 0 -23.1% 13.4% 0.0% 

OTP 0.0300 0.0372 0.0342 3.1% 4.0% 3.6% 

Late prepared orders -8.056 -16.89 -24.99 -95.9% -84.4% -88.0% 

inter section travels 36 908 943 10.3% 37.9% 34.1% 

*Note that when a KPI is below zero, the implementation of the BAA results in a decrease and 

when it is above zero, it results in an increase.  

The key findings from Table 8.2 and the Appendices are listed below: 

• The BAA reduces the number of late prepared orders with an average of 88%, which 

means a 3.6% increase in OTP. These results are in line with the fact that the time between 

the moment that the order is prepared and the deadline of the order, increases. 

• The BAA reduces the average and standard deviation of the order preparation times in 

section A with 6.2% and 22.9%, respectively. However, the BAA also reduces the number 

of orders that are assigned to buffers in section A. Which increases the number of 

intersectional travels and thereby the average conveyor belt travel time.  

• The BAA increases the average and standard deviation of the order preparation time of 

orders that are prepared in section B. This results in an overall increase in average and 

standard deviation of the preparation time. However, since the buffers in section B are 

not the bottleneck, this increased preparation time is not limiting the overall throughput.  

• Table 8.1 shows that the average waiting time increases with approximately 4 minutes. 

This is probably caused by the BAA because it assigns orders immediately when buffers 

become available in order to minimize the risk of late prepared orders. At the beginning 

of each day, and especially on Mondays, multiple buffers are available and orders are 

assigned to them until no buffer is available anymore. This increases the waiting time, but 

also the number of outbound pallets per command cycle.  

In order to check what consequences this change in preparation time has on the capacity 

throughput, the same bottleneck analysis as in Section 4 is performed. However, this time the 

bottleneck focuses only on the preparation buffers, because the buffer is the only workstation 

that changes radically in comparison with the as-is simulation. Note, that this time, the 95th 

percentile of all order preparation times plus last year’s mean waiting time are used, instead of 

the actual buffer reservation time. According this calculation, the BAA increases the capacity 

throughput of the buffers in section A with 34.7%.  

However, the BAA decreases the throughput capacity of the buffers in section B with 0.366 orders 

per hour, i.e. a decrease of 3.76%. However, this does not influence the throughput capacity of 

section B, since the throughput capacity of the buffers in section B are still higher than the cranes. 

This throughput capacity of the workstation ‘buffer’ for section A and B, before and after 

implementation of the BAA are presented in Table 8.3   
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Table 8.3  Comparison between as-is and BAA simulation on capacity throughput of workstation ‘buffer’ 

  as-is simulation BAA 

  section A section B section A section B 

number of buffers 12 43.33 12 43.33 

Average processing time (in hours) 3.540 4.446 2.629 4.619 

capacity (orders/hour) 3.390 9.746 4.565 9.380 

According Table 8.3 and Table 4.1, the capacity throughput of section A and B after 

implementation of the BAA are, 4.565 and 5.343 orders/hour, respectively. The 5.343 

orders/hour is the average throughput capacity of the stacker crane in section B, which is 

calculated in Section 4. This results in an overall throughput capacity of 9.908 orders/hour.  

However, note that the overall capacity is slightly higher than 9.908 orders/hour since the order 

requires also retrieving pallets from cranes in section A, which means that the capacity of the 

cranes in section B are compensated by the cranes in section A, which are not the bottleneck. But, 

this compensation is not taken into account with the throughput capacity calculations.  

In conclusion, implementing the BAA results in a 13.5% higher overall throughput capacity, since 

the throughput capacity according the as-is simulation would be 8.733 orders/hour. 

8.7 Conclusion and discussion BAA 

In the conclusion, first the third sub research question is answered according to the BAA, 

subsequently the results are discussed.  

How does the BAA affect the throughput capacity (and other KPIs)? 

The simulation shows that the BAA increases the throughput capacity with 1.175 order/hour, i.e. 

an increase of 13.5%. This is accomplished by being more critical about assigning orders to 

section A, i.e. the bottleneck. In other words, the BAA increases the throughput capacity of the 

buffers in section A at the expense of the throughput capacity of the buffers in section B. But, since 

the buffers in section B are not the bottleneck, this will not have negative effects on the overall 

throughput capacity. By doing this, the safety margins on the buffer reservation times in section 

A can be reduced and therefore the throughput capacity increases.  

However, an important assumption is that the distribution of conveyor belt travel times remains 

the same. This assumption can be questioned, since the BAA increased the number of 

intersectional conveyor travels. Although it cannot be proved from the data that an increase in 

intersectional conveyor travels will increase the distribution of conveyor belt travel times, it is 
expected that it will. Because, more pallets will travel over the conveyor belt and this will 

probably cause extra congestion and therefore extra delay. 

Moreover, throughput capacity is not the same as actual throughput, because throughput capacity 

is the best case performance of the warehouse. This means that cranes always work in parallel 

with each other, which implies that each required pallet is distributed optimally over the different 

cranes. However, it is an indicator of increased capacity and therefore suggests that the actual 

throughput increases when the warehouse would not be limited by the number of outbound 

orders.   

In conclusion, it cannot be concluded that the implementation of the BAA alone, will result in an 

increased throughput. This can only be concluded when it is clear what the effect of increased 

outbound orders and intersectional conveyor travels have on the preparation times.  
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9 Storage Location Assignment Policy 

In this section, the storage location assignment policy is discussed. Firstly, the goal and the sort 
of storage location assignment policy are described. Then, the development of the class-based 

warehouse layout is described. After that, the simulation results are presented. Lastly, the 

simulation results are discussed after answering the third sub research question according the 

SLAP. 

9.1 Type of SLAP  

The SLAP is implemented as improvement suggestion in order to decrease the preparation times, 

such that Lineage is able to increase the number of outbound orders while satisfying a 95% OTP.  

As mentioned in Section 6.2, a three class-based turnover, across-aisle SLAP is developed. This 

means that SKUs are labeled as class A, B, or C, whereby the highest turnover SKUs are labeled as 

A and the lowest turnover SKUs as C. The KPIs are distributed over the classes according the rule 

of thumb that 20% of the SKUs are labeled as class A, 30% as class B, and 50% as class C. This is 

a common rule of thumb that is used by different sources, e.g. Nahmias (2001) and Teunter et al. 

(2010).  

Then, these different classes get a pre-determined area, whereby class A, is the closest to the I/O 

point and class C the farthest. Within this pre-determined area, the incoming pallets are assigned 

randomly to a location within the borders of the prescribed area of its class. Furthermore, the 

SLAP is an across-aisle SLAP. This means that the class areas are across different cranes, as 

explained in Section 5.1 and shown in Figure 5.1. 

A turnover SLAP is chosen because a duration of stay SLAP requires continuous reshuffling, which 

cannot be done efficiently in a multi-deep rack warehouse. Furthermore, three classes are chosen, 

since Yu et al. (2015) showed that three classes were near optimal. Lastly, an across-aisle SLAP is 

chosen because Cagliardi et al. (2015) showed that this type of SLAP is performing better than a 

within-aisle turnover SLAP. 

9.2 Steps in creation SLAP 

In order to determine the turnover classes and class areas, three steps have to be undertaken. 

Firstly, it is determined which SKUs or what proportion of SKUs are assigned to which section. 

Then, each SKU is assigned to one of the classes. Lastly, the class areas are determined, which 

depends on the number of required pallet locations per class. However, first of all, the made 

assumptions and product requirements are listed. 

9.2.1 Assumptions 

Product requirements are listed below: 

• SKUs of Unilever and Dawn Foods require a temperature of -24°C, which is only met in 

section B. Therefore, stock of Unilever and Dawn Foods is only stored in section B. 

• SKUs of Lamb Weston can be stored in both sections.  

The assumptions made to determine the SLAP are listed below: 

• The demand of SKUs from Lamb Weston and Dawn Foods are not influenced by seasonality, 

but the SKUs of Unilever are, as can be seen in Appendix P. This means that the turnover of LWM 
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and Dawn Foods SKUs are determined by last year’s data, while the turnover of Unilever is 

determined based on last year’s data between May and September.   

• The turnover of a SKU is calculated by the reciprocal of the average duration of stay of the 

SKU. In Section 9.2.3 this is explained more thoroughly  

• Sequence orders are prepared in section B, which is according current company instructions. 

• All pallets have the same unit size and has therefore no limitations for certain pallet locations, 

besides the mentioned temperature requirements.  

• Pallets of a SKU are randomly distributed within its prescribed class area. 

• Pick pallets are assigned to crane 10 and 11. 

• The inbound pallets are assigned to a random location within a class area based on the 

probability that a random inbound pallet is of a certain class. See Section 9.3.2 for further 

explanation. 

• The expected crane travel time calculations that are used by the BAA, are not correct anymore, 

because the probability of storing a pallet within a certain pallet location changes. These new 

calculations are described in Section 9.3.3    

• Newly arrived inbound pallets are firstly assigned to partial filled locations with the same 

SKU. When there are no partial filled locations with the same SKU, one of the empty locations 

within the corresponding class area is assigned.  This assumption is in line with current company 

policies.   

• Pallets that arrive each day are distributed at the end of each day (18.00) according the 

calculated distribution in Section 9.2.2. This is implemented in this way, since the time of arrival 

is not registered in the data, only the day of arrival is registered.  

• In the weekend, the reshuffle is redistributing the SKUs of LWM according the determined 

distribution calculated in Section 9.2.2. Currently, there is already a reshuffle running, but 

without the SLAP characteristics. Therefore, it should be possible to adapt the reshuffle and add 

the following characteristics: 

o Pallets of SKUs are reshuffled until the proportion of SKUs are according the proposed 

division between section A and B for every SKU. 

o Pallets of SKUs are reshuffled until each SKU has a maximum of one partial filled location, 

except of LWM SKUs which are allowed to have at most one partial filled location in each 

section of the warehouse. 

9.2.2 Allocation of SKUs to section 

As mentioned in the assumptions, SKUs of Lamb Weston (LWM) can be stored in both section A 

and B, while SKUs of Unilever and Dawn Foods can only be stored in section B. However, Lamb 

Weston requires more pallet locations than there are in section A, i.e. approximately 80% of the 

present pallets in May are from LWM.  

Therefore, a determination is made which LWM SKUs or which proportion of LWM SKUs should 

be assigned to section A and to section B. However, since sequence orders have to be prepared in 

section B and pick pallets are stored in crane 10 or 11 (phase 4), it is preferred to store the 

required SKUs for these orders also in section B. By ensuring that these required SKUs are also 

stored in section B, the intersectional conveyor travels can be prevented when sequence or 

picking orders are required. 

Therefore, the probability that an LWM SKU is assigned to a sequence order or to an order with 

pick pallets, is determined for each LWM SKU. This probability is used to assign a proportion of 

the LWM SKUs to section B. However, if each LWM SKU would send the proportion of its pallets 

to section B according to the probability above, the stock levels in section B, would be much higher 

than in section A.  
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This is not desirable, because it can lead to complications later this year when the stock levels 

increase. It could result in a fully stored section B, which means that pallets of Unilever and Dawn 

Foods cannot be stored anymore, since they are prohibited to be stored in section A.  

Therefore, a leveling function is implemented that levels the total stored pallets between the two 

sections, i.e. this leveling function weighs which proportion of the LWM pallets should be assigned 

to section B in order to equal the stock in both sections. This leveling function is described in Eq. 

9.1.  

 ∑ 𝐼𝑙,0 + (1 − α) ⋅ 𝐼𝑙,1

𝑙∈𝐿

= ∑ α ⋅ 𝐼𝑙,1

𝑙∈𝐿

+ ∑ 𝐼𝑜

𝑜∈𝑂

 9.1 

Whereby SKU 𝑙 is an LWM SKU in set 𝐿 of all LWM SKUs, and 𝑜 is a SKU within set 𝑂 of all SKUs 

from Unilever and Dawn Foods. Furthermore, 𝐼𝑙,0 and 𝐼𝑙,1 are the inventory levels of LWM SKU 

𝑙 that are assigned to regular orders without picking, and inventory levels of LWM SKU 𝑙 that are 

assigned to a sequence or picking order. 𝐼𝑙,0 can be calculated by multiplying the inventory level 

of SKU 𝑙 and the probability that this SKU 𝑙 is assigned to a regular order that does not require 

picking pallets. This means that 𝐼𝑙,1 is the probability that SKU 𝑙 is assigned to a sequence order 

or an order with picking pallets. Lastly, α is the function that equals the number of pallets in 

section A and B. Note that the left hand side of the equation are all pallets that are stored in section 

A, and the right hand side are all pallets that are stored in section B.  

When May’s average inventory levels are entered in Eq. 9.1, it results in  an α of 0.6839. This 

means that 68.39% of LWM SKUs that should be allocated to sequence or picking orders is stored 

in section B. May’s inventory levels are taken because this is the month used in the simulation and 

it is assumed that the client’s forecast of storing and retrieving pallets is correct. 

9.2.3 Determination of turnover classes  

Now the SKUs are divided over both sections, the SKUs in both sections can be divided between 

the three classes based on turnover. Note that the classes of an LWM SKU can be different from 

each other in section A and B.  

In most other studies, such as Yu et al. (2015) and Park et al. (2006), the turnover is based on the 

EOQ formula in combination with a continuous rack travel time model. This model takes the 

inventory holding, shortage, and order costs into account. However, since the products that are 

stored are not Lineage’s property, they do not know the order and shortage costs. Therefore, 

comparable turnover calculations cannot be made in this thesis and it is decided to use the 

reciprocal of the average duration of stay of the SKUs, such as Hausman et al. (1976) did.  

When the turnover per SKU is calculated, the SKUs are sorted in decreasing order and classified 

as A, B, or C. The SKUs are labeled according the earlier mentioned rule of thumb, i.e. the first 20% 

of the SKUs are labeled as class A, the second 30% as class B, and the last 50% as class C, as.  

For Dawn Foods and Lamb Weston products, last year’s historical pallet locations and demand 

quantities are used. However, for Unilever SKUs, only the pallet locations in high season are taken, 

i.e. May until September. The demand of the clients of last year are presented in Appendix P. 

9.2.4 Determination of required storage space per class 

Now each SKU belongs to a class and a section, the required storage space per class can be 

determined. In order to do this, the average number of pallet locations per SKU are calculated for 

the month May.  
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In May, section A requires 2702, 3334, and 2987 pallet locations for class A, B and C, respectively. 

In section B on the other hand, class A, B and C require 2117, 3205 and 4314 pallet locations. 

However, since there are more pallet locations than each class requires, the proportion of 

required pallet locations is used to determine which pallet locations are reserved for class A, B 

and C.   

This is decided because Cagliardi et al. (2012) and Moon et al. (2001) showed that class based 

turnover SLAPs have degrading performance when there is demand uncertainty. Therefore, pallet 

locations that are not used now, are divided proportionally over the different classes in order to 

anticipate on demand changes in the future. Although measures are made to mitigate demand 

changes, regular check of changes in turnover and required storage space are recommended.    

In Table 9.1, the characteristics of each class is displayed. Besides the number of required 

locations and its proportion, the proportion of demand and average daily turnover per class are 

also given.   

Table 9.1 Class characteristics per section 

 
section A section  B 

  required 
locations 

proportion 
Locations 

proportion 
demand 

average 
turnover 

required 
locations 

proportion 
Locations 

proportion 
demand 

average 
turnover 

class A 2702 29.9% 49.2% 17.65 2117 22.0% 43.2% 25.81 

class B 3334 36.9% 35.3% 10.65 3205 33.3% 41.8% 10.71 

class C 2987 33.1% 15.6% 5.125 4314 44.8% 15.0% 4.096 

The borders of the class areas are for practical means on column level. For example, class A 

requires 29.9% of the space in section A, then 29.9% of the columns of each rack are in section A 

are reserved for class A. In the case of phase 1, this means that the first 23 columns, from the total 

of 74 columns, are reserved for class A. In Table 9.2, the assigned number of rack columns are 

shown per phase, whereby the columns of class A are the first columns from the I-O point followed 

by the columns of class B, and then C.  

Table 9.2 Number of required columns per crane per phase 

 
phase 1 phase 2 phase 3 phase 4 

class A 23 23 16 16 

class B 28 29 24 24 

class C 23 24 31 31 

9.3 Simulation set-up 

As mentioned in section 6, the performance of a simulation with the new implemented SLAP is 

compared with the simulation of the BAA which still has the random SLAP. The simulation with 

the new SLAP is mostly the same as the BAA simulation, but differs on the following points:  

Table 9.3 Differences in input variables between BAA and SLAP simulation 

BAA simulation SLAP simulation 

actual pallet locations Actual present pallets are randomly distributed 
over the area that is reserved for their particular 
turnover class. (Section 9.3.1) 

Uniform distribution over all locations 
within rack.  

Uniform distribution within class area multiplied by 
the probability of demand of that particular class. 
(Section 9.3.2) 
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Since the probability of storing into a location is not uniform anymore, the expected command 

cycle travel times that are used in the BAA, also changes. The changes in the expected travel times 

are explained in Section 9.3.3.  

9.3.1 Pallet distribution according SLAP  

Now the class area layout is determined, the actual present stock in the beginning of the week is 

divided according to the new class-based SLAP. The current stock is distributed over the 

warehouse according the assumptions in Section 9.2.1, the division of LWM SKUs over section A 

and B and the prescribed classes of the particular SKUs.  

9.3.2 Inbound pallet assignment in simulation  

Since the demand per class differ, the probability that a random inbound pallet is from a certain 

class is also different. It is assumed that the probability of a random inbound pallet is equal to the 

proportion of total demand of that particular class, which can be found in Table 9.1. Thus, instead 

of assigning two random inbound pallets to every possible location, the two inbound pallets are 

randomly assigned within a class area, based on the probability of having a pallet of that 

particular class.  

For example, the probability that two random variables are drawn from the pallet locations 

reserved for class A in section A is 60% ⋅ 49.2% ⋅ 49.2% = 14.5%. Whereby, 60% is the 

probability of storing two pallets in two different pallet locations and 49.2% is the probability 

that a random pallet is from turnover class A (see Table 9.2Table 9.1 Class characteristics per 

section).  

9.3.3 Expected crane travel time of inbound pallets 

Since the inbound assignment is different compared to the previously discussed simulations, the 

expected crane travel time that the BAA uses, is changed as well. 

The expected travel time of the inbound pallets within the class-based SLAP can be calculated by 

the following equation below: 

 𝐸[𝐼𝑛𝑏𝑜𝑢𝑛𝑑] = 0.4 ⋅ ∑ 𝐶T0,𝑝 ⋅ 𝑃(𝑝)p∈P + 

         0.6 ⋅ ∑ ∑ ((𝐶𝑇0,𝑝 + CTp,q) ⋅ 𝑃(𝑝) ⋅ 𝑃(𝑞) ⋅ 𝑑𝑝,𝑞 ⋅ 2)
𝑞∈𝑄𝑝∈𝑃

  

9.2 

Whereby,  𝑝 is a pallet location in the set of all possible pallet locations within a crane. 𝑞 is one 

pallet location in the set of all possible pallet location after pallet location 𝑝 is already taken (𝑞 ∈

𝑃 ∖ {𝑝}). 𝑃(𝑝) and 𝑃(𝑞)  are the probabilities that pallet location 𝑝 and pallet location 𝑞 are 

assigned, respectively. These probabilities depend on in which area the pallet location falls. 𝑑𝑝,𝑞 

on the other hand, stays the same as in Eq. 8.7 

For example, pallet location 𝑝 is a pallet location in phase 1, area class A. Then, the probability 

that 𝑝 is chosen, can be calculated by the equation below: 

  𝑃(𝑝) =
𝐷𝐴

𝑛𝐴
=

0.492

10∗11
=  0.00447 9.3 

Whereby 𝐷𝐴 is the probability that a random inbound pallet is of turnover class A, which is equal 

to the proportion of demand of class A. Furthermore, 𝑛𝐴 is the number of reserved locations for 

class A. In section A, the proportion of the demand of an A class SKU is 49.2% and there are 110 

(i.e. 10 columns multiplied by 11 rows) locations reserved for class A. These numbers can be 

found in Table 9.1, and Table 9.2. 
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Then, the probability of assigning to pallet location 𝑞 depends on the area where location q is 

located in and from which area location 𝑝 is taken from.  

Take that the first inbound pallet is assigned to pallet location 𝑝 from the example above and that 

the second pallet is also taken from pallet location 𝑞 in class A. Then, the probability 𝑃(𝑞) can be 

calculated as follows:  

 𝑃(𝑞) =
𝐷𝐴

(𝑛𝐴−1)
=

0.492

109
= 0.00451  9.4 

However, when pallet location 𝑞 is a location that is reserved for class B, the formula is as follows: 

 𝑃(𝑞) =
𝐷𝐵

𝑛𝐵
=

0.353

330
= 0.00107  9.5 

Furthermore, since the probability that location 𝑞 is visited last when two random locations are 

drawn, the expected interarrival time changes as well. Therefore, the expected interarrival time, 

when the first outbound pallet location 𝑚 is known, can be calculated by the equation below: 

 𝐸[𝑖𝑛𝑡𝑒𝑟𝑎𝑟𝑟𝑖𝑣𝑎𝑙𝑚] = 0.4 ∑ 𝑃(𝑝) ⋅ 𝐶𝑇𝑝,𝑚𝑝∈𝑃 + 0.6 ∑ 𝑃(𝑞) ⋅ 𝐶𝑇𝑞,𝑚𝑞∈𝑄   9.6 

Whereby before the plus is the mean expected travel time when two inbound pallets have to be 

stored in the same location. While behind the plus is the mean travel time when when two 

inbound pallets have to be stored in two different locations.  

9.4 Simulation results 

The simulation results after implementation of the SLAP are compared on crane and order KPIs 

and overall pallet travel times. Firstly, the distribution of demand from each turnover class are 

presented in order to check the efficiency of the turnover SLAP. Then, the results of this 

simulation are compared with the BAA. By comparing these two, the impact of the SLAP can be 

determined, since the storage policy is the only variable that has changed. Secondly, the results 

of this simulation are compared with the results of the as-is simulation in order to determine if 

the combination of the SLAP and global sequencing method would result in improved 

performance. Lastly, the throughput capacity of the workstations is calculated and compared with 

the earlier simulations.  

9.4.1 Distribution turnover classes 

In Appendix R, the proportional distribution of outbound pallets per turnover class, per week are 

presented. It can be concluded that the proportion of demand is not distributed according to the 

Pareto principle whereby 80% of the demand is the result of 20% of the most demanded SKUs 

when sorted on highest turnover.  

This is because, the highest turnover SKUs are predominantly small batches, which are probably 

made to order, while the highest demand SKUs are made in big batches. These high demanded 

SKUs have therefore a high inventory position and some of them are therefore placed in section 

B or C. This resulted in that the stacker crane had to visit class B a large proportion of the time, 

i.e. 36.9% of the time.  

9.4.2 Results in comparison with BAA simulation 

The outbound order KPIs of the simulations before and after implementation of the SLAP are 

presented in Table 11.16 (Appendix N). The average relative difference between these two 

simulations are presented in Table 9.4.  Whereby values below zero suggest that the SLAP is 
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reducing in comparison with the random SLAP. Furthermore, in Table 9.5 and Appendix O, the 

travel times per pallet and the crane KPIs per simulation are presented.   

Table 9.4 relative comparison before and after implementation SLAP 

 
Difference after SLAP implementation  proportional difference 

KPIs section A section B total section A section B total 

mean preparation time -00:07:18 -00:11:08 -00:10:20 -11.1% -10.1% -10.6% 

SD preparation time -00:06:18 -00:12:13 -00:10:52 -15.0% -17.3% -16.3% 

cv preparation time -0.0302 -0.0508 -0.0409 -4.5% -8.4% -6.7% 

prepared before deadline 00:30:53 00:43:35 00:39:45 10.8% 11.9% 11.5% 

number of buffer assignments 5 -5 0 2.6% -1.0% 0.0% 

OTP 0.0009 0.0000 0.0003 0.1% 0.0% 0.0% 

Late prepared orders -0.181 -0.04 -0.22 -39.1% -44.0% -8.7% 

inter section travels -162 -584 -745 -29.6% -17.4% -19.7% 

Table 9.5 average pallet travel times per simulation 

  CT WT CBT 

  mean std mean std mean std 

As-is simulation 00:03:38 00:00:36 00:16:12 00:27:31 00:11:27 00:12:57 

BAA simulation 00:03:39 00:00:36 00:20:07 00:32:32 00:12:17 00:13:11 

SLAP simulation 00:03:31 00:00:37 00:20:59 00:38:12 00:11:19 00:12:33 

Firstly, from Table 9.4 can be observed that the proposed SLAP decreases the average and 

standard deviation of the order preparation time in comparison with the random SLAP with 

10.6% and 16.3%. Which is mainly caused by decreasing the distance that pallets have to travel 

to the buffer where they are prepared in, since the number of intersectional travels and average 

pallet conveyor belt travel time decreases. The number of intersectional travels decreases with 

29.6% and 17.4% for orders that are prepared in section A and section B, respectively. The 

average pallet conveyor belt travel times decreased with 7.9%.  Furthermore, Appendix O shows 

that the average command cycle decreased with 3.58%, which also contributes to the decrease of 

order preparation times.  

However, it was also found that the SLAP increases the average pallet waiting time with 52 

seconds, i.e. 4.3%. When one looks at the distribution and waiting times of the cranes in Appendix 

O, it can be seen that the SLAP caused more difference in work load between the cranes in section 

B, which also increased the waiting time.  

9.4.3 Results in comparison with as-is simulation 

Now the results of the SLAP simulation are compared with the as-is simulation in order to 

determine if the combination of an across-aisle SLAP with a global sequencing method will 

improve the performance of the warehouse. Table 9.6 presents the relative difference between 

the as-is and SLAP simulation. Furthermore, in Table 9.5 and Appendix O, the travel times per 

pallet and the crane KPIs per simulation are presented.  

 

 



54 
 

Table 9.6 Relative comparison between as-is and SLAP simulation 

 
Difference between As-is and SLAP 
simulation 

proportional difference 

KPIs section A section B total section A section B total 

mean preparation time -00:12:11 00:13:51 00:07:27 -16.4% 20.6% 12.2% 

SD preparation time -00:19:02 -00:05:06 -00:03:52 -34.8% -9.1% -7.6% 
cv preparation time -0.1776 -0.1883 -0.1302 -21.0% -21.9% -15.2% 

prepared before deadline 01:21:30 01:42:13 01:39:55 42.8% 35.1% 38.5% 

number of buffer assignments -57 57 0 -21.1% 12.2% 0.0% 

OTP 0.0309 0.0372 0.0345 3.2% 3.9% 3.6% 

Late prepared orders 
-8.237 -16.93 -25.20 -98.1% -89.1% -91.1% 

inter section travels 
-126 324 198 -32.7% 13.9% 7.5% 

From the comparison between the as-is situation and after implementation of the BAA and SLAP 

was found that the order preparation time in section A decreased with approximately 12 minutes 

and the orders prepared in section B increased with approximately 14 minutes. However,  Section  

9.4.4 shows that the increased order preparation time is not a problem for the overall throughput, 

since the buffers in section B are not the bottleneck.  

Furthermore, one can see that the combination of the global sequencing method and turnover 

SLAP decreased the number of late prepared orders and therefore increased the OTP. Moreover, 

the average pallet conveyor belt travel time decreased slightly, while the number of intersectional 

conveyor belt travels increased. However, this increased intersectional conveyor travels were 

caused by an increase in travels from section A to B, because the travels from section B to A 

decreased.   

9.4.4 Throughput capacity calculations 

With the average crane travel times in Appendix O, the throughput capacity of the workstation 

‘stacker cranes’ was calculated in a similar way as in Section 4. By calculating the throughput 

capacity, it is assumed that 25% of the performed stacker crane activities are not in- or outbound 

pallets, but are reshuffle activities. Furthermore, the same availability rates as in were taken. The 

actual throughput capacity calculations per crane can be found in Table 11.3 (Appendix F).  

Then, the throughput capacity of the workstation ‘buffer’ was calculated. As explained in Section 

4 and 8.6, the buffer reservation time was determined by the 95th percentile of all simulation runs 

plus an average loading time. The 95th percentile was taken because if this 95th percentile would 

have been taken as buffer reservation time, the average OTP would have been 95%, as Lineage 

pursues. The overall throughput capacity is presented in Table 9.7 and the throughput capacity 

of each simulation are presented in Table 9.8. 

Table 9.7 Calculation throughput capacity per workstation per section 

  section A section B  

Work 
station 

number of 
machines 

𝑡𝑒 
(hours/ 
pallet) 

capacity 
(pallets/ 
hour) 

capacity 
(orders/ 
hour) 

number of 
machines 

𝑡𝑒 
(hours/ 
pallet) 

capacity 
(pallets/ 
hour) 

capacity 
(orders/ 
hour) 

stacker 
crane 6 0.0457 131.3 5.048 6 0.0406 147.8 5.684 
shuttle 
crane 3 0.0060 498.5 19.17 4 0.0083 484.0 18.62 
Buffers* 12 2.04 - 5.889 43.33 3.49 - 12.43 
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Table 9.8 throughput capacity of workstations per simulation in orders per hour 

  as-is BAA SLAP 
 

section A section B section A section B section A section B 

stacker cranes 4.686 5.343 4.686 5.343 5.048 5.684 

shuttle cranes 19.17 18.62 19.17 18.62 19.17 18.62 

buffers 3.390 9.746 4.565 9.380 5.889 12.43 

total warehouse 3.390 5.343 4.565 5.343 5.048 5.684 

8.733 9.908 10.732 

These throughput capacity calculations suggest that by implementing the SLAP, the bottleneck of 

section A would shift from the buffers to the stacker cranes. This would result in a throughput 

capacity of 5.048 orders/hour for section A and 5.684 orders/hour for section B. When these two 

values are added up, it results in an overall throughput capacity of 10.73 orders/hour.  

This means that by implementing the proposed SLAP, the simulation suggests that the overall 

throughput capacity would increase with 8.32% in comparison with the random SLAP and 22.9% 

in comparison with the as-is situation.  

9.5 Conclusion   

In the conclusion, first the third sub research question is answered according to the SLAP, where 

after the results are discussed. 

How does the SLAP affect the throughput capacity (and other KPIs)? 

Implementing the SLAP results in an 8.32% increase of throughput capacity in comparison with 

the BAA simulation. This increase in throughput capacity is mainly caused by the reduction of the 

average preparation time with approximately 7 and 11 minutes for section A and B. This 

reduction in preparation times lead to a reduction in the buffer reservation time and therefore an 

increase in throughput capacity. These reductions are mainly realized by the reduction of 

conveyor belt travel times and a better distribution of tasks over the different cranes, since the 

average crane travel time, decreased with only 3%.   

Therefore, it can be concluded that the class-based turnover SLAP decreases the average crane 

command cycle time slightly in comparison with a random SLAP and thereby increasing the 

throughput.  

When the BAA and class-based, across-aisle turnover SLAP are combined, the throughput 

capacity is 22.9% higher in comparison with the as-is simulation. With implementing only the 

BAA, it is questionable if it can be assumed that the distribution of conveyor belt travel times stays 

the same, since the number of intersectional conveyor travels increase. However, as can be seen 

in Table 9.4, the intersectional conveyor travels is decreases in comparison with the BAA 

simulation, what makes the above described assumption more plausible.  

In conclusion, the results of the simulation study show that the increase in throughput capacity 

is substantial. However, it should be noted that the throughput capacity is a best-case 

performance, i.e. a sort upper bound for the increase in throughput. Therefore, it cannot be 

concluded that the throughput will increase with 22.9% when the warehouse will not be limited 

by outbound orders anymore. However, it suggests that the warehouse is capable of preparing 

more orders while satisfying the 95% OTP with implementing the BAA and proposed SLAP, than 

was the case without both.  
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10 Conclusions 

In this section, first the results and assumptions are discussed, after which these results are 
compared with earlier studies and the main research question is answered. Secondly, the thesis’s 

contribution to the literature is discussed. Then, the limitation and further research suggestions 

are presented. Lastly, the recommendations to Lineage are listed.    

10.1 Discussion 

In this subsection the conclusions from Section 8.7 and 9.5 are compared with earlier studies 

and lastly the main research question is answered. 

The BAA is a global sequencing heuristic that determines in which sequence the orders should be 

assigned to which buffers. This study suggests that solely implementing the BAA would result in 

an increased throughput capacity. But, this is achieved under the assumption that the distribution 

of the conveyor belt travel time remains the same.  

However, this assumption is questioned in 8.7, because the number of intersectional conveyor 

belt travels due to the BAA. This will create extra congestion on the conveyor belt, while the 

distribution of conveyor belt travels remains the same in this simulation study. Therefore, it is 

expected that the conveyor belt travel times will increase, but to what extent is unknown. When 

the conveyor belt times increase, the order preparation time will increase, which will decrease 

the throughput capacity. Therefore, it cannot be concluded if the actual throughput will increase 

by implementing the BAA solely. 

In Section 9.5, it is concluded that the across-aisle class-based turnover SLAP decreases the 

average crane cycle time with approximately 3.5% and increases the throughput capacity with 

approximately 8%. This decrease in average crane travel times and increase in throughput is 

according earlier studies. However, a decrease of 3.5% in crane travel time is a lower reduction 

than other studies suggested. This is probably caused by the following factors:  

• The determination of turnover classes are based on actual demand and has therefore to 

deal with demand uncertainty. This causes not optimal distribution of SKUs within the 

crane according their SLAP. Most other studies use single deep racks and continuous rack 

travel time models. Thereby they assume that the turnover is constant and exact. This 

influence of demand uncertainty is in line with Cagliardi et al. (2012) who showed that 

the performance of full turnover policies and higher number of turnover classes degraded 

rapidly with demand uncertainty. Furthermore, Moon et al. (2001) showed that more 

classes required more reshuffling to perform well when demand uncertainty increased. 

In the case of multi-deep racks, reshuffling becomes more time consuming and therefore 

less interesting.   

• In this study higher number of pallets within the command cycles are used than most 

earlier studies, which lower the impact of the decrease in command cycle travel time.  

• In multi-deep racks, the stacker cranes take more time to put down and pick up pallets at 

the locations, since the stacker crane has to travel in the orthogonal direction as well. In 

other studies, the stacker crane does not travel in the orthogonal direction and therefore 

putting and picking up are neglected in these studies.  

• Acceleration and deceleration are implemented in the travel time models in contrast with 

some earlier studies.  
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Nevertheless, the across-aisle, three class-based turnover SLAP is decreasing the average order 

preparation time, crane cycle time and conveyor belt travel time in comparison with the random 

policy.   

Furthermore, the implementation of the BAA and SLAP resulted in an increase of 22.9% 

throughput capacity, which is primarily realized by decreasing the preparation time of the 

bottleneck with approximately 12 minutes, i.e. the buffers in section A. However, the preparation 

time in section B increased with approximately 13 minutes. Note that this is not limiting the 

overall throughput capacity, since the buffers in section B are not the bottleneck.  

Where the assumption of not changing conveyor belt travel time distributions was questionable 

after the BAA simulation, this assumption is much more likely to hold with the implementation of 

the SLAP, since the number of intersectional conveyor travels differ not that much with the as-is 

simulation.  

The improved performance of the combination of an across-aisle turnover SLAP with a global 

sequencing method, i.e. the BAA, are in line with the results of Cagliardi et al (2015). 

In conclusion, the following main research question can be answered:  

How can the throughput of the warehouse be increased in order to raise the number of outbound 

orders per hour while satisfying a 95% OTP?  

This study suggests that the implementation of the BAA, i.e. a global sequencing method, and the 

proposed across-aisle, three class-based turnover SLAP increase the throughput such that more 

outbound orders can be accepted while satisfying a 95% OTP.   

10.2 Contribution to the literature 

During this thesis the first high detailed, discrete event simulation within a multi-deep, multi-

aisle ASRS warehouse is constructed with real market characteristics and acceleration and 

deceleration of the stacker cranes. From results of this simulation a couple of conclusions can be 

drawn that contribute to the literature. 

Firstly, the simulation showed that turnover class-based SLAP is reducing the crane cycle time 

slightly in multi-deep racks. However, this improvement is lower than earlier studies within 

single-aisle racks suggested. This thesis suggests that the reduction is lower than in earlier 

studies, due to the configuration of multi-deep racks and demand uncertainty which limits the 

impact of turnover classes (Section 10.1) 

Secondly, this study showed that reductions in order preparation times can be realized when a 

proportion of the SKU is purposefully divided over different areas of the warehouse. However, 

this is especially beneficial when pallets take a long time to travel from one side of the warehouse 

to the other.  

Finally, this thesis developed a global sequencing method with due date restrictions, i.e. the BAA. 

This algorithm can be easily implemented in other warehouses with comparable configurations, 

i.e. ASRS warehouses with conveyor belts or other transport units that transports loads from the 

stacker cranes to preparation buffers. The BAA results in increased throughput in combination 

with the turnover SLAP because it utilizes the different workstations better. Where most earlier 

research is focused on optimizing the stacker cranes, this thesis shows that the most 

improvement is gained by leveling the load over the work stations according their capacity, i.e. 

assign more to the buffers in section B to spare the buffers in section A, which are the bottleneck. 

Therefore, it can be concluded that an ASRS warehouse is more than just the combination of 
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different cranes and that optimizing them individually does not mean that it will optimize the 

overall warehouse performance.    

10.3 Limitations and further research suggestions 

The first limitation of this study is that it focuses on throughput capacity and that actual 

throughput increases are not measured. These are not measured since the actual throughput is 

limited by the current number of outbound orders. It is decided to not create extra imaginary 

orders, because actual demand is an important part of this thesis. Actual demand and market 

characteristics are purposefully hold intact to validate the theoretical model on these real-world 

characteristics. By creating extra imaginary orders, these actual characteristics can be lost 

unintentionally.  

Therefore, it could be an interesting new research topic whereby the discrete event simulation is 

filled with extra imaginary orders or to conduct a case study whereby the actual number of 

outbound orders are increased in the slot scheme and validate the true increase of the 

throughput.  

Furthermore, no detailed analysis is executed to split the SKUs into the three different turnover 

classes. Instead, the rule-of-thumb is used and as explained in Section 9.2.3, this rule-of-thumb is 

probably not the best option for multi-deep rack ASRS systems. Therefore, research in optimizing 

the turnover classes within multi-deep racks would be an interesting next topic. Because, besides 

demand uncertainty and seasonality, multi-deep rack warehouses have extra components to 

consider, i.e. the inability to reshuffle effectively in combination with high batch volumes.  

10.4 Recommendations Lineage 

The recommendations to increase the throughput of the warehouse after conducting this thesis: 

• Use the BAA as information source for process controllers. The BAA should first be 

implemented as information tool. The BAA adds extra information that gives the process 

controllers the ability to improve decisions. The extra information consists of: 

o Expected preparation times  

o A sorted list of the orders whereby the orders with most priority are listed first.  

o The expected time of the next buffer that will become available  

o More detailed information on which cranes are required if the order would be 

released at that moment for a buffer in each phase. 

When the demand of in- and outbound pallets is low, the buffer suggestion that the BAA 

gives, can be followed in order to validate the effectiveness of the choices of the BAA.     

• Implement SLAP. Since the thesis suggests that the SLAP will increase the throughput, 

the LWM SKUs should be distributed among section A and B according the predetermined 

partition in Section 8.2.2.  

• Make a distinction between regular and sequence orders in the slot scheme. Since 

only SKUs from Lamb Weston (LWM) are stored in section A and only regular orders are 
allowed to be prepared in section A, the BAA will assign most regular LWM orders to 

buffers in section A. With calculating the capacity throughput of section A, the capacity of 

section A can be filled with regular LWM orders. Then, the capacity of section B can be 

filled with other orders.   

• Gradually increase outbound orders. The simulation shows that the number of 

outbound orders can be increased, since the OTP is above 95% and orders are prepared 

way before deadline. By increasing the number of outbound orders gradually, the impact 
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of more conveyor belt travels can be examined. Currently, it is assumed that the 

distribution of conveyor belt travel times remains the same, but it is expected that it will 

raise when more pallets are send over it. When increasing the outbound orders gradually, 

the increase in conveyor belt travel times can measured and the throughput calculations 

can be adapted according to it.  

• Send pick pallets to cranes in Section A. Send pick pallets of regular LWM orders to 

section A, since they will probably be prepared in section A. Furthermore, the impact of 

storing pick pallets in section A while they are prepared in section B is lower than the 

other way around. Since the buffers in section A are the bottleneck and these order 

preparation times should be lower.  

• Record reasons of irregular order preparations. As can be seen in Section 7, a lot of 

orders have irregular behavior in their order preparation process, such as two releases 

and damaged pallets. Although the data shows this irregular behavior, no reason is 

recorded. So, it cannot be measured how often a certain reason causes problems. When 

this is recorded, the impact of these irregularities can be measured and solved. 

• Give LSPs stimulus to be on time. Late trucks are limiting the gains of the BAA since the 

BAA determines the best buffer allocation based on the expected time the next buffer will 

be available. Thereby the BAA expects that the buffer will be available at the agreed time 

plus a loading time. Furthermore, late trucks are limiting the throughput because the 

buffers cannot be used to prepare a new order. Examples of giving stimulus to LSPs are: 

o Giving fines for late trucks 

o Load order in another truck, store in another place and pass on costs to LSP. 

o Create blacklists of LSPs whereby the order preparation of these LSPs are only 

started when the truck arrives. Truck drivers of these LSPs will have longer idle 

times. This option has the benefit that no financial actions have to be undertaken.  

• Increase weight of crane load within the cost function of the PAA. As mentioned in 

9.4.2, the current pallet allocation algorithm increases the average waiting time. 

Therefore, it is recommended to increase the weight of the crane load in order to level the 

crane loads more evenly and thereby reduce the waiting times.  

• Create reshuffle and examine consequences of it. Create a reshuffle that is 

redistributing the partition of SKUs between section A and B, as predetermined in Section 

9.2.2. Furthermore, examine the consequences of implementing this reshuffle on the 
performance of other orders, e.g. calculate if cranes and conveyors are capable of 

redistributing the pallets according the predetermined partition. 

• Examine alternative turnover classes. With classifying SKUs to turnover classes 

differently extra crane travel time reductions can probably be realized. Because, with the 

proposed SLAP approximately 36% of demand is from class B. This is a high percentage 

turnover class B.  

• Implement two different objective functions. The scope of this thesis is to improve 

throughput during high season. However, during low season, clients are increasing stock 

levels in order to prevent lost sales in high season. In these months the warehouse is 

reaching its maximum storage capacity and therefore the SLAP should focus on storage 

capacity. Around May, the proposed SLAP should be introduced since the inventory levels 

degrade which makes space for optimizing throughput. 
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11 Appendices 

Appendix A Frontal View Warehouse 

 

 

 

 

 

*The numbers above the arrows between the racks indicate the number of racks behind it. For example, 74 racks are put against each other in phase 
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Figure 11.1 Schematic frontal view warehouse 
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Appendix B Maps warehouse layout per phase  
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Figure 11.2 Map warehouse layout phase 1 
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Figure 11.3 Map Warehouse Layout Phase 2 
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Figure 11.4 Map warehouse layout phase 3 
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Figure 11.5 Map warehouse layout phase 4 
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Appendix C Current pallet allocation algorithm 

Input:  

- The determined buffer location 

- Outbound order, with the required SKUs in number of pallets 

Procedure:  

For all SKU’s, a list is determined where pallets are located with the 

required SKU-BBD. The following characteristics per pallet position 

are registered:  

- The exact location of the pallet 

- The crane factor, i.e. a value based on the distance between 

the crane and the pre-determined preparation buffer. The 

different values of the crane factors can be found in the table 

on the right. 

- The crane rack channel status, i.e. if the pallet is in a full or 

not-full location.  

- The length of current crane retrieval request queue. 

 

The particular pallet that is chosen for the required SKU-BBD is determined by the minimum of 

the following cost function: 

𝑐𝑜𝑠𝑡 = 2 ∗  𝑐𝑟𝑎𝑛𝑒_𝑟𝑎𝑐𝑘_𝑐ℎ𝑎𝑛𝑛𝑒𝑙_𝑠𝑡𝑎𝑡𝑢𝑠 + 3 ∗  𝑐𝑟𝑎𝑛𝑒_𝑓𝑎𝑐𝑡𝑜𝑟 + ⌊
𝑐𝑟𝑎𝑛𝑒_𝑙𝑜𝑎𝑑

4
⌋ 
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Appendix D Process model outbound orders 
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Figure 11.6 Process model regular outbound orders 

*The WCS cylinder represents the WCS database that supports performed activities. When a 

dotted line is connected with the WCS and an activity, this means that this activity is performed 

by the assistance of the WCS’s information. For example, the WCS supports the conveyor belt in 

transporting the pallet to the pre-determined shuttle crane, by giving the information to which 

shuttle crane the pallet should be transported to.  
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Appendix E Average conveyor belt travel times 

between stacker and shuttle cranes 

Table 11.1 conveyor belt travel times from stacker crane to shuttle cranes 

  
 

Shuttle cranes  

    
 

phase 1 phase 3  phase 4 

    
 

1 2 
 
3 4 5 6 7 

st
ac

ke
r 

cr
an

es
 

p
h

as
e1

 

1 10,2 16,4 19,0 41,5 47,7 47,3 54,1 

2 4,9 9,8 11,8 33,7 37,9 38,6 43,6 

3 4,6 9,4 11,8 33,5 38,6 39,5 44,1 

4 7,2 5,7 4,8 21,1 25,3 27,3 30,6 

P
h

as
e 

2 

5 9,1 7,2 6,3 22,2 26,5 27,6 31,6 

6 11,3 9,6 8,7 24,6 29,3 31,4 34,1 

P
h

as
e 

3 

7 30,1 27,4 27,4 5,6 10,4 11,3 14,9 

8 29,3 28,8 25,8 5,8 10,5 11,6 14,8 

p
h

as
e4

 

9 35,7 33,1 33,5 10,3 7,5 7,7 10,4 

10 35,0 32,1 30,4 10,0 7,3 7,6 10,5 

11 35,9 34,4 34,4 14,2 12,1 5,2 7,2 

12 40,3 37,4 37,0 14,1 12,0 5,2 7,0 
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Appendix F Throughput calculations 

Table 11.2 Capacity throughput calculation of workstation ‘stacker crane’ from real life data 

Cranes 𝒕𝒆(average process 
time in sec) 

% retrievals 
(Proportion outbounds) 

Batch size (outbound 
pallets per cycle) 

A 
(availability) 

Capacity 𝒓𝒆 
(retrieval pallets/hour) 

1 117 37.5% 1,9 88,6% 17,3 
2 112 37.5% 1,9 90,8% 18,8 
3 119 37.5% 1,9 93,7% 18,9 
4 115 37.5% 1,9 90,8% 18,4 
5 107 37.5% 1,9 87,8% 18,5 
6 111 37.5% 1,9 87,3% 17,6 
7 107 37.5% 1,9 93,9% 21,1 
8 111 37.5% 1,9 95,7% 21,1 
9 106 37.5% 1,9 96,7% 22,6 
10 104 37.5% 1,9 97,5% 23,4 
11 104 37.5% 1,9 96,4% 23,0 
12 106 37.5% 1,9 96,1% 22,3 

Table 11.3 Capacity throughput calculation of workstation ‘stacker crane’ after implementation of SLAP 

Cranes 𝒕𝒆(average process 
time in sec) 

% core 
activities*  

Batch size (outbound 
pallets per cycle) 

A (availability) Capacity 𝒓𝒆 
(retrieval pallets/hour) 

1 222 75% 1.976 88.6% 21.3 
2 215 75% 1.967 90.8% 22.4 
3 227 75% 1.962 93.7% 21.9 
4 223 75% 1.965 90.8% 21.6 
5 205 75% 1.958 87.8% 22.6 
6 214 75% 1.950 87.3% 21.5 
7 210 75% 1.968 93.9% 23.8 
8 211 75% 1.963 95.7% 24.0 
9 205 75% 1.976 96.7% 25.2 
10 204 75% 1.939 97.5% 25.0 
11 202 75% 1.924 96.4% 24.8 
12 202 75% 1.951 96.1% 25.1 

*The simulation calculates the average process time per command cycle, i.e. the outbound pallets and 

inbound pallets are retrieved at once. Whereby it is assumed that 25% of the task time of cranes is used for 

other activities, such as exorcists and reshuffles.   
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Appendix G Flow chart and used files as-is simulation 

 

Figure 11.7 flow chart of as-is simulation 

Table 11.4 example of file ‘order details’ of one particular order 

SKU nr.  BBD nr. pallets nr. load 
sequences 

preparation deadline 

88060 26-Oct-2020 9 1 20-May-19 11:00 

101285 01-Sep-2020 2 1 20-May-19 11:00 

106767 03-Nov-2020 2 1 20-May-19 11:00 

106792 05-Oct-2020 3 1 20-May-19 11:00 

0* NaT* 1 1 20-May-19 11:00 

106959 12-Oct-2020 5 2 20-May-19 11:00 

88060 26-Oct-2020 2 3 20-May-19 11:00 

101285 01-Sep-2020 1 3 20-May-19 11:00 

106767 02-Nov-2020 1 3 20-May-19 11:00 

106767 03-Nov-2020 1 3 20-May-19 11:00 

106792 05-Oct-2020 2 3 20-May-19 11:00 

2384098 23-Jun-2020 3 4 20-May-19 11:00 

2449339 26-Mar-2020 4 4 20-May-19 11:00 

2449339 26-Mar-2020 1 5 20-May-19 11:00 

*When SKU nr. is 0 it stands for a case pick pallet  



73 
 

Table 11.5 example of file ‘historical order statistics’ that is used 

trip nr.  assigned buffer* time of buffer assignment nr. pick pallets 

T19021642 1.1 30-Apr-19 20:36:59 0 

T19021441 1.2 30-Apr-19 19:00:04 1 

T19021441 1.2 30-Apr-19 19:00:04 1 

T19021569 4.1 30-Apr-19 19:03:05 6 

T19021593 4.2 30-Apr-19 19:29:51 3 

*the first integer stands for the phase and the second for  the ith shuttle crane in that phase.  

Table 11.6 Example of file 'actual stock details' 

SKU nr.  pallet type crane rack column row nr. pallets full location 

51345 BLOK 1 1 1 2 8 yes 

106792 EURO 1 1 1 3 8 yes 

68013 EURO 1 1 1 4 10 yes 

107751 EURO 1 1 1 5 10 yes 

55135 EURO 1 1 1 6 10 yes 

45371 EURO 1 1 1 7 7 no 

Table 11.7 Example of file 'simulated crane results' 

trip nr.  seq. nr. release time start time end time travel time failure time* CC ID** pallet 
ID 

Batch size*** column row SKU nr. BBD 

T19024658 1 00:00:00 00:00:00 00:03:12 00:03:12 00:00:00 18 44 1 7 2 101285 1-9-2020 

T19024941 1 00:06:31 00:06:31 00:10:48 00:04:17 00:00:00 43 69 2 62 10 46869 28-9-2020 

T19024941 1 00:06:31 00:06:31 00:10:48 00:04:17 00:00:00 43 70 2 62 10 46869 28-9-2020 

T19024941 1 00:06:31 00:10:48 00:14:47 00:03:59 00:00:00 44 71 2 62 10 46869 28-9-2020 

T19024941 1 00:06:31 00:10:48 00:14:47 00:03:59 00:00:00 44 72 2 62 10 46869 28-9-2020 

T19024944 1 00:17:10 00:17:10 00:21:28 00:04:18 00:00:00 52 94 2 40 2 47903 25-4-2020 

T19024944 1 00:17:10 00:17:10 00:21:28 00:04:18 00:00:00 52 95 2 40 2 47903 25-4-2020 

*failure time is the time the crane was down in reality, while this command cycle was performed, e.g. if failure time is 00:01:30 in this file, it means that the command cycle will 
end 1 minute and 30 minutes later.  
** is a unique integer for each command cycle.  



74 
 

*** batch size are the number of outbound pallets within the command cycle, i.e. number of pallets retrieved in one trip.  

Table 11.8 Example of the file 'simulated pallet statistics' 

 trip nr. seq. nr.  CC ID pallet ID batch size crane shuttle crane release time start time CT failure time CBT ST time in buffer 

T19023973 1 5546 10495 1 9 4.2 13:47:20 13:48:30 00:02:48 00:00:00 00:05:35 00:00:22 13:57:16 

T19023973 1 5547 10493 1 10 4.2 13:47:20 13:47:20 00:03:47 00:00:00 00:10:36 00:00:22 14:02:05 

T19023973 1 5548 10494 1 11 4.2 13:47:20 13:47:20 00:03:43 00:00:00 00:04:54 00:00:22 13:56:19 

T19024088 1 5549 10496 2 9 3.1 13:50:31 13:50:31 00:04:10 00:00:00 00:12:43 00:00:36 14:08:49 

T19024088 1 5549 10497 2 9 3.1 13:50:31 13:50:31 00:04:10 00:00:00 00:12:43 00:00:36 14:08:49 

T19024088 1 5550 10498 2 9 3.1 13:50:31 13:50:31 00:03:35 00:00:00 01:06:19 00:00:36 15:05:59 

T19024088 1 5550 10499 2 9 3.1 13:50:31 13:50:31 00:03:35 00:00:00 01:06:19 00:00:36 15:05:59 

T19024088 1 5551 10500 2 10 3.1 13:50:31 13:50:31 00:03:05 00:00:00 00:12:55 00:00:36 14:07:44 

T19024088 1 5551 10501 2 10 3.1 13:50:31 13:50:31 00:03:05 00:00:00 00:12:55 00:00:36 14:07:44 

T19024088 1 5552 10502 2 10 3.1 13:50:31 13:50:31 00:04:28 00:00:00 00:04:59 00:00:36 14:04:17 

T19024088 1 5553 10503 2 11 3.1 13:50:31 13:50:31 00:03:56 00:00:00 00:09:35 00:00:36 14:05:10 

T19024088 1 5553 10504 2 11 3.1 13:50:31 13:50:31 00:03:56 00:00:00 00:09:35 00:00:36 14:05:10 

T19024088 1 5554 10505 1 12 3.1 13:50:31 13:50:31 00:02:31 00:00:00 00:12:04 00:00:36 14:05:43 
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Appendix H Calculations command cycle travel time 

The calculation of the command cycle time is calculated by the following formula:  

 
𝐶𝑇 = ∑ 𝐶𝑇𝑖 + 2 ⋅ 𝑡0 + 𝐼 ⋅ 𝑡𝑧

𝐼+1

𝑖=1

 
11.1 

Whereby 𝑖 is the i-th location the crane have to visit within the command cycle from the set, 𝐼, of 

total number of locations the crane have to visit within the command cycle. Furthermore, 𝑡0 is 

the time the stacker crane requires to pick up the pallet from or put down on the conveyor belt. 

𝑡𝑧 is the fixed time a crane takes on average to travel in the orthogonal direction, i.e. the travel 

time in the z-direction.  

Note that a command cycle can visit between the two and 4 locations, 𝐼 ∈ {2,3,4}. The minimum 

is two since we assumed that a command cycle only starts when there is at least one retrieval 

request and that it always store two storage pallets. The maximum of locations to visit in a 
command cycle is four, since the stacker crane is capable of carrying two pallets at the same 

time. So, when the two storage pallets have to be stored in two different locations and that 

retrieval pallets are located in two different locations, the number of visited locations is four.  

𝐶𝑇𝑖 is the travel time of the i-th location that has to be visited in the command cycle. In order to 

calculate this travel time, first the horizontal and vertical distance between the i-th location and 

its predecessor have to be determined. Note, that the distance of 𝐶𝑇1 and 𝐶𝑇𝐼+1 is the distance 

between these pallet locations and the I-O point. When the horizontal distance 𝑥 is known, 𝑡𝑥 

can be calculated with the simple physical laws 𝑥 =
1

2
𝑎𝑥𝑡𝑥

2,  𝑡𝑥 =
𝑣𝑥

𝑎𝑥
, and 𝑣𝑥 =

𝑥

𝑡𝑥
. Whereby 𝑣𝑥 is 

the maximum speed of the stacker crane and 𝑎𝑥 is the acceleration and deceleration metric of 

the stacker crane. This results in the following calculations of 𝑡𝑥: 

 

𝑡𝑥 = 2 ⋅ (√
2⋅

1

2
𝑥

𝑎𝑥
), if 𝑥 ≤ 2𝐿 

11.2 

Whereby L is the distance, the stacker crane requires to reach maximum velocity and can be 

calculated by eq. 11.3 

 
𝐿 =

1

2
𝑎𝑥 ⋅ 𝑡𝐿

2 =
1

2
𝑎𝑥 (

𝑣𝑥

𝑎𝑥
)

2

 
11.3 

So, when 𝑥 > 2𝐿  eq. 11.4 be used to calculate 𝑡𝑥 

 
𝑡𝑥 = 2𝑡𝐿 +

(𝑥 − 2𝐿)

𝑣𝑥
 

11.4 

Note that 
1

2
𝑥 and 2𝑡𝐿 are used in eq. 11.2 and eq. 11.4, because the crane should stop 

accelerating halfway, because it requires to decelerate in order to stop at the destination. 

𝑡𝑦 can be calculated in the same way, but the magnitudes of the metrics are different. When both 

𝑡𝑥 and 𝑡𝑦 are calculated, the 𝐶𝑇𝑖 can be calculated by the Chebyshev metric in eq. 11.5. 

 𝐶𝑇𝑖 = max{𝑡𝑥, 𝑡𝑦}  11.5 

Lastly, note that in the actual travel time calculations also a difference is made when the 

stacker crane was empty or if it was carrying pallets. Although the calculations do not change, 

the magnitude differ when the crane is travelling empty or not.  
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Appendix I Fitted conveyor belt travel distributions 

 

Figure 11.8 fitted generalized extreme value distribution on conveyor belt travel times from stacker 12 to shuttle crane 2 
in phase 4 

 

Figure 11.9 fitted inverse gaussian distribution on conveyor belt travel times from stacker 4 to shuttle crane 1, phase 3
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Appendix J Actual vs. simulation crane KPIs 

Table 11.9 Actual crane KPIs from 6 until 10 May 

crane nr.  pallets 
proportion 
pallets  

mean 
crane time 

SD crane 
time 

mean CBT SD CBT 

1 1686 8.5% 0:14:13 0:14:29 00:16:56 00:16:41 

2 1492 7.5% 0:17:07 0:21:39 00:12:04 00:14:58 

3 1657 8.3% 0:17:47 0:22:51 00:12:02 00:13:52 

4 1731 8.7% 0:18:08 0:17:59 00:12:17 00:11:56 

5 1801 9.1% 0:20:47 0:21:10 00:12:21 00:10:45 

6 1613 8.1% 0:15:36 0:17:44 00:16:16 00:13:11 

7 1594 8.0% 0:21:12 0:25:44 00:08:54 00:08:52 

8 1477 7.4% 0:22:07 0:26:49 00:08:36 00:07:54 

9 2115 10.7% 0:22:32 0:26:34 00:10:37 00:09:38 

10 1425 7.2% 0:19:15 0:22:20 00:11:55 00:14:10 

11 1259 6.3% 0:15:48 0:19:49 00:11:09 00:11:18 

12 2003 10.1% 0:21:00 0:26:13 00:10:51 00:08:41 

 
Table 11.10 simulated crane KPIs of 6 until 10 May 

crane nr.  pallets 
proportion 
pallets  

mean crane 
time 

SD crane 
time 

mean CBT SD CBT 

1 1663 8,4% 00:15:24 00:11:18 00:16:38 00:16:40 

2 1554 7,9% 00:14:00 00:09:26 00:10:22 00:12:36 

3 1542 7,8% 00:15:59 00:17:23 00:10:37 00:12:54 

4 1769 9,0% 00:16:18 00:12:04 00:12:35 00:13:43 

5 1709 8,7% 00:24:08 00:20:32 00:12:55 00:15:18 

6 1419 7,2% 00:21:44 00:18:24 00:15:44 00:16:01 

7 1846 9,3% 00:19:10 00:14:44 00:08:50 00:10:05 

8 1645 8,3% 00:19:38 00:14:45 00:08:33 00:09:07 

9 2198 11,1% 00:19:53 00:15:21 00:10:17 00:11:01 

10 1772 9,0% 00:18:24 00:15:35 00:09:57 00:10:15 

11 1065 5,4% 00:15:56 00:15:50 00:09:58 00:10:25 

12 1568 7,9% 00:25:18 00:31:26 00:10:22 00:10:54 
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Table 11.11 Actual crane KPIs from 13 until 17 May 

crane nr.  pallets 
proportion 
pallets  

mean 
crane time 

SD crane 
time 

mean CBT SD CBT 

1 1777 9,4% 00:19:10 00:17:33 00:15:47 00:13:37 

2 1623 8,5% 00:20:37 00:19:39 00:11:43 00:12:59 

3 1618 8,5% 00:20:36 00:20:25 00:11:08 00:12:14 

4 1918 10,1% 00:21:03 00:23:01 00:13:04 00:13:21 

5 1683 8,9% 00:27:29 00:29:36 00:14:37 00:13:11 

6 1504 7,9% 00:18:13 00:18:52 00:16:16 00:13:11 

7 1454 7,7% 00:23:37 00:25:17 00:08:50 00:09:56 

8 1392 7,3% 00:28:37 00:31:54 00:08:27 00:07:50 

9 1899 10,0% 00:21:49 00:24:50 00:11:01 00:12:49 

10 1361 7,2% 00:15:23 00:15:05 00:12:14 00:13:51 

11 1081 5,7% 00:12:55 00:12:22 00:12:29 00:13:11 

12 1674 8,8% 00:16:45 00:21:25 00:12:19 00:15:10 
 
Table 11.12 simulated crane KPIs  of 13 until 17 May 

crane nr.  pallets 
proportion 
pallets  

mean 
crane time 

SD crane 
time 

mean CBT SD CBT 

1 1822 9,7% 00:18:40 00:15:14 00:15:18 00:15:50 

2 1670 8,9% 00:17:25 00:12:04 00:10:35 00:12:46 

3 1511 8,0% 00:15:19 00:10:20 00:09:54 00:11:53 

4 1949 10,4% 00:18:22 00:16:04 00:12:22 00:13:32 

5 1593 8,5% 00:17:23 00:14:36 00:13:08 00:16:20 

6 1210 6,4% 00:15:32 00:12:54 00:16:19 00:15:52 

7 1731 9,2% 00:17:13 00:12:10 00:08:39 00:09:58 

8 1490 7,9% 00:18:54 00:15:34 00:08:29 00:08:52 

9 2116 11,2% 00:16:47 00:11:33 00:10:31 00:11:23 

10 1654 8,8% 00:16:06 00:11:29 00:10:16 00:10:34 

11 861 4,6% 00:12:17 00:10:47 00:11:05 00:11:26 

12 1218 6,5% 00:14:59 00:14:44 00:10:24 00:11:33 
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Table 11.13 Actual crane KPIs from 20 until 24 May 

crane nr.  pallets 
proportion 
pallets  

mean 
crane time 

SD crane 
time 

mean CBT SD CBT 

1 1657 8,9% 00:17:44 00:16:32 00:15:13 00:16:49 

2 1441 7,8% 00:19:13 00:21:08 00:12:17 00:16:54 

3 1573 8,5% 00:20:49 00:24:25 00:12:35 00:15:34 

4 1782 9,6% 00:25:09 00:30:19 00:11:01 00:10:41 

5 1780 9,6% 00:18:38 00:27:40 00:15:03 00:24:39 

6 1354 7,3% 00:15:56 00:15:21 00:17:12 00:22:06 

7 1520 8,2% 00:21:07 00:23:40 00:07:32 00:09:07 

8 1342 7,2% 00:22:01 00:23:14 00:07:19 00:06:46 

9 1891 10,2% 00:16:55 00:16:49 00:10:34 00:12:08 

10 1246 6,7% 00:14:27 00:20:53 00:10:46 00:11:41 

11 970 5,2% 00:13:38 00:13:30 00:12:37 00:15:49 

12 1998 10,8% 00:18:05 00:16:10 00:11:21 00:14:52 
 
Table 11.14 simulated crane KPIs of 20 until 24 May 

crane nr.  pallets 
proportion 
pallets  

mean 
crane time 

SD crane 
time 

mean CBT SD CBT 

1 1632 8,8% 00:42:12 01:23:18 00:16:31 00:16:43 

2 1444 7,8% 00:15:27 00:11:24 00:11:18 00:12:57 

3 1506 8,1% 00:16:27 00:12:33 00:12:24 00:14:10 

4 1825 9,8% 00:19:19 00:15:08 00:12:08 00:13:29 

5 1738 9,4% 00:18:25 00:15:04 00:14:00 00:17:07 

6 1191 6,4% 00:14:42 00:10:54 00:16:07 00:15:20 

7 1736 9,3% 00:17:00 00:11:19 00:08:24 00:09:24 

8 1507 8,1% 00:17:58 00:16:07 00:08:23 00:09:02 

9 1909 10,3% 00:24:25 01:00:26 00:10:48 00:11:42 

10 1478 8,0% 00:16:35 00:17:42 00:10:30 00:10:44 

11 1006 5,4% 00:13:53 00:11:16 00:11:00 00:11:09 

12 1601 8,6% 00:45:05 01:21:11 00:11:14 00:13:24 
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Appendix K Graphs forecast error orders 

 

Figure 11.10 Forecast error orders from 6 until 10 May 

   

Figure 11.11 Forecast error order from 13 until 17 May 

   

Figure 11.12 Forecast error orders 20 until 24 May 
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Appendix L Causes deviation simulation from reality 

After investigation of different individual orders, the following causes are contributing to the 

deviation of the simulation of reality.  

• It is assumed that with every executed retrieval request, always two inbound pallets are 

stored. In reality, this is obviously not the case because there are not always two inbound 

pallets waiting before the crane. So, this causes that the simulation forecast is slightly 

higher than reality.  

• Pallets are released multiple times. This can have all kind of reasons. One of the reasons 

can be that the truck driver informs that he will be too late, while the order is already 

started with preparing. Then, sometimes it is decided that all prepared pallets are stored 

back in the warehouse, so the buffer can be used for another order. The simulation takes 

only in account the second release. However, in reality the cranes have retrieved these 

pallets, which will give a deviation between reality and simulation.  

• Pallets are added to the order at a later time. After interviewing process controllers, this 

is probably caused by damaging a pallet during loading. Sometimes, another pallet with 

the same SKU is taken from warehouse or the damaged pallet is changed with a good 

pallet. This increases the actual preparation time significantly because in reality the order 

was already prepared, but according the data the order is prepared after the last pallet 

arrived at the preparation buffer. Due to the damage during loading, the actual 

preparation time is higher than the forecast preparation time. 

• In the simulation a new sequence is started when the last pallet of the previous sequence 

arrived in the buffer. However, in reality the new sequence is started when the last pallet 

is physically past the closest crane that is required for the new sequence. For example, if 

the buffer is in phase 3 and all pallets of the new sequence require crane 5 (phase 2). So, 

when the last pallet is past crane 5, the retrieval requests of the new sequence can be 

started. In the simulation, this mechanism cannot be implemented and will create 

deviations.  

• Pick pallets should be case picked already and be stored in the warehouse before the 

order is released. However, in reality this is sometimes not the case and can delay the 

preparation time significantly.  

• Allocate different pallets in the simulation than in reality. This is caused by the 

assumption that every pallet on the stock snapshot can be allocated. However, in reality 

certain pallets cannot be allocated because they are blocked, because of all kind of 

reasons, e.g. a pallet doesn’t have the required temperature yet to be transported.  

• All mentioned causes above, will enhance more deviations because pallet allocation is 

dependent on the waiting queue at a certain moment.  
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Appendix M Flow chart simulation with implemented BAA 

 

Figure 11.13 flow chart BAA simulation 
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Appendix N Comparison order KPIs all simulations 

Table 11.15 Comparison order KPIs before and after implementation of BAA 

    As-is simulation  BAA simulation  

    section A section B total section A section B total 

w
ee

k 
1

 

Mean preparation time 01:01:14 01:03:23 01:02:36 01:03:26 01:45:45 01:34:12 

SD preparation time 00:56:43 01:00:36 00:59:16 00:35:41 01:06:14 01:02:25 

cv preparation time 0.93 0.96 0.95 0.56 0.63 0.66 

prepared before deadline 04:29:54 05:05:34 04:52:37 05:50:56 06:38:59 06:25:48 

buffer reservation time 05:58:40 06:34:54 06:21:45 07:11:47 08:34:32 08:11:52 

number of buffer assignments 272 477 749 204 545 749 

OTP 97.56% 96.44% 96.85% 99.96% 100.00% 99.99% 
order prepared too late 6.627 17.00 23.63 0.0847 0.0000 0.0847 

inter section travels 350 2,301 2,651 261 3,030 3,290 

w
ee

k 
2

 

mean preparation time 01:11:01 01:27:11 01:21:04 01:05:46 01:45:34 01:33:58 

SD preparation time 00:40:56 00:58:55 00:53:26 00:36:58 01:12:51 01:07:02 

cv preparation time 0.58 0.68 0.66 0.56 0.69 0.71 

prepared before deadline 03:01:09 04:32:40 03:58:02 04:43:46 05:52:22 05:31:42 

buffer reservation time 04:12:10 05:59:51 05:19:06 05:56:04 07:42:22 07:10:31 

number of buffer assignments 274 450 724 208 517 725 

OTP 97.61% 98.26% 98.02% 99.83% 99.73% 99.76% 
order prepared too late 6.542 7.831 14.37 0.3559 1.390 1.746 

inter section travels 370 2,285 2,655 654 3,280 3,933 

w
ee

k 
3

 

mean preparation time 01:18:42 01:46:52 01:36:49 01:07:07 02:01:03 01:45:41 

SD preparation time 01:00:15 01:42:13 01:30:31 00:47:04 01:44:02 01:34:47 

cv preparation time 0.77 0.96 0.93 0.70 0.86 0.90 

prepared before deadline 05:54:28 06:06:28 06:02:11 05:22:38 06:09:16 05:55:51 

buffer reservation time 07:51:03 08:11:03 08:03:55 07:02:31 08:19:28 07:57:27 

number of buffer assignments 257 463 720 205 515 720 

95.29% 91.70% 92.97% 99.68% 97.83% 98.35% 95.29% 
order prepared too late 12.10 38.42 50.64 0.6610 11.19 11.85 

inter section travels 429 2,600 3,029 342 3,600 3,942 
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Table 11.16 Comparison order KPIs before and after implementation of the turnover SLAP 

    BAA simulation  SLAP simulation  

    section A section B total section A section B total 

w
ee

k 
1

 

Mean preparation time 01:03:26 01:45:45 01:34:12 00:58:21 01:38:47 01:26:47 
SD preparation time 00:35:41 01:06:14 01:02:25 00:33:00 00:55:26 00:53:12 
cv preparation time 0.56 0.63 0.66 0.57 0.56 0.61 
prepared before deadline 05:50:56 06:38:59 06:25:48 05:54:40 07:16:54 06:52:23 
buffer reservation time 07:11:47 08:34:32 08:11:52 07:09:39 09:07:51 08:32:39 
number of buffer 
assignments 204 545 749 222 526 748 
OTP 99.96% 100.00% 99.99% 99.96% 99.99% 99.98% 
Late prepared orders 0.0847 0.0000 0.0847 0.0847 0.0508 0.1356 
inter section travels 261 3030 3290 240 2573 2814 

w
ee

k 
2

 

mean preparation time 01:05:46 01:45:34 01:33:58 00:58:50 01:28:48 01:20:30 
SD preparation time 00:36:58 01:12:51 01:07:02 00:31:40 00:46:43 00:45:09 
cv preparation time 0.56 0.69 0.71 0.54 0.53 0.56 
prepared before deadline 04:43:46 05:52:22 05:31:42 06:13:02 07:06:30 06:51:38 
buffer reservation time 05:56:04 07:42:22 07:10:31 07:12:56 08:43:01 08:18:02 
number of buffer 
assignments 208 516 724 200 525 725 
OTP 99.83% 99.73% 99.76% 99.96% 100.00% 99.99% 
Late prepared orders 0.3559 1.390 1.746 0.0847 0.0169 0.1017 
inter section travels 654 3,280 3,933 259 2855 3113 

w
ee

k 
3

 

mean preparation time 01:07:07 02:01:03 01:45:41 00:57:14 01:51:24 01:35:33 
SD preparation time 00:47:04 01:44:02 01:34:47 00:36:09 01:44:18 01:33:17 
cv preparation time 0.70 0.86 0.90 0.63 0.94 0.98 
prepared before deadline 05:22:38 06:09:16 05:55:51 05:22:18 06:27:58 06:08:35 
buffer reservation time 07:02:31 08:19:28 07:57:27 06:51:39 08:27:53 07:59:41 
number of buffer 
assignments 205 515 720 210 509 719 
OTP 99.68% 97.83% 98.35% 99.81% 97.56% 98.22% 
Late prepared orders 0.6610 11.19 11.85 0.3898 12.41 12.80 
inter section travels 342 3,600 3,942 272 2730 3002 
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Table 11.17 Comparison order KPIs as-is simulation and SLAP simulation 

    As-is simulation  SLAP simulation  

    section A section A section A section A section B total 

w
ee

k 
1

 

Mean preparation time 01:01:14 01:03:23 01:02:36 00:58:21 01:38:47 01:26:47 
SD preparation time 00:56:43 01:00:36 00:59:16 00:33:00 00:55:26 00:53:12 
cv preparation time 0.93 0.96 0.95 0.57 0.56 0.61 
prepared before deadline 04:29:54 05:05:34 04:52:37 05:54:40 07:16:54 06:52:23 
buffer reservation time 05:58:40 06:34:54 06:21:45 07:09:39 09:07:51 08:32:39 
number of buffer 
assignments 272 477 749 222 526 748 
OTP 97.56% 96.44% 96.85% 99.96% 99.99% 99.98% 
Late prepared orders 6.627 17.00 23.63 0.0847 0.0508 0.1356 
inter section travels 350 2,301 2,651 240 2573 2814 

w
ee

k 
2

 

mean preparation time 01:11:01 01:27:11 01:21:04 00:58:50 01:28:48 01:20:30 
SD preparation time 00:40:56 00:58:55 00:53:26 00:31:40 00:46:43 00:45:09 
cv preparation time 0.58 0.68 0.66 0.54 0.53 0.56 
prepared before deadline 03:01:09 04:32:40 03:58:02 06:13:02 07:06:30 06:51:38 
buffer reservation time 04:12:10 05:59:51 05:19:06 07:12:56 08:43:01 08:18:02 
number of buffer 
assignments 274 450 724 200 525 725 
OTP 97.61% 98.26% 98.02% 99.96% 100.00% 99.99% 
Late prepared orders 6.542 7.831 14.37 0.0847 0.0169 0.1017 
inter section travels 370 2,285 2,655 259 2855 3113 

w
ee

k 
3

 

mean preparation time 01:18:42 01:46:52 01:36:49 00:57:14 01:51:24 01:35:33 
SD preparation time 01:00:15 01:42:13 01:30:31 00:36:09 01:44:18 01:33:17 
cv preparation time 0.77 0.96 0.93 0.63 0.94 0.98 
prepared before deadline 05:54:28 06:06:28 06:02:11 05:22:18 06:27:58 06:08:35 
buffer reservation time 07:51:03 08:11:03 08:03:55 06:51:39 08:27:53 07:59:41 
number of buffer 
assignments 257 463 720 210 509 719 
OTP 95.29% 91.70% 92.97% 99.81% 97.56% 98.22% 
Late prepared orders 12.10 38.42 50.64 0.3898 12.41 12.80 
inter section travels 429 2,600 3,029 272 2730 3002 
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Appendix O Crane KPIs per simulation 

Table 11.18 Average crane KPIs per simulation 

 as-is simulation BAA simulation SLAP simulation 

  mean CT   mean WT  pallets 
(%) 

batch 
size 

mean CT   mean 
WT  

pallets 
(%) 

batch 
size 

mean CT   Mean 
WT  

pallets 
(%) 

batch 
size 

crane1 03:50 20:25 8.1% 1.950 03:49 14:16 6.8% 1.957 03:42 15:09 7.7% 1.974 

crane2 03:44 10:45 7.5% 1.946 03:43 13:19 6.3% 1.947 03:36 14:02 7.3% 1.970 

crane3 03:54 12:14 7.5% 1.934 03:55 13:52 6.2% 1.940 03:48 13:48 6.3% 1.959 

crane4 03:50 13:27 8.8% 1.937 03:53 23:26 9.6% 1.960 03:41 17:06 7.9% 1.965 

crane5 03:34 18:42 8.4% 1.941 03:34 19:46 8.3% 1.950 03:25 16:15 7.2% 1.960 

crane6 03:45 15:52 6.6% 1.932 03:46 16:18 6.1% 1.933 03:35 14:08 5.8% 1.951 

crane7 03:36 14:56 8.9% 1.953 03:37 19:48 9.2% 1.956 03:30 28:15 11.7% 1.970 

crane8 03:37 15:29 7.9% 1.951 03:39 18:08 7.5% 1.952 03:31 23:53 10.1% 1.961 

crane9 03:31 17:45 10.3% 1.944 03:33 26:09 11.3% 1.964 03:26 37:24 12.0% 1.974 

crane10 03:29 14:23 10.6% 1.937 03:34 27:25 12.3% 1.966 03:25 19:49 8.8% 1.946 

crane11 03:29 11:42 7.5% 1.902 03:31 16:40 8.8% 1.935 03:24 15:53 6.9% 1.928 

crane12 03:30 28:32 7.8% 1.941 03:30 20:48 7.8% 1.948 03:24 24:16 8.4% 1.954 

section A 03:46 15:19 47.0% 1.940 03:47 17:27 43.2% 1.949 03:38 15:10 42.1% 1.964 

section B 03:32 16:59 53.0% 1.939 03:34 22:09 56.8% 1.955 03:27 26:03 57.9% 1.958 

total 03:39 16:12 100% 1.939 03:39 20:07 100% 1.952 03:32 21:28 100% 1.961 
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Appendix P Demand per month per client 

 

Figure 11.14 Last year's demand per month per client 
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Appendix Q Demand and turnover curves  

 

Figure 11.15 Demand and turnover curves section A 

 

Figure 11.16 Demand and turnover curves section B  
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Appendix R Distribution assignment outbound pallets per class 

Table 11.19 Distribution outbound pallets per class per crane 

  week1 week2 week3 mean 
  A class B class C class A class B class C class A class B class C class A class B class C class 

crane 1 41.4% 40.3% 18.3% 47.0% 41.0% 12.0% 48.3% 40.4% 11.3% 45.6% 40.6% 13.9% 

crane 2 40.8% 41.2% 18.0% 45.6% 42.7% 11.7% 58.5% 34.3% 7.2% 48.3% 39.4% 12.3% 

crane 3 39.0% 42.4% 18.6% 44.8% 43.7% 11.5% 53.4% 32.5% 14.1% 45.7% 39.6% 14.7% 

crane 4 38.6% 45.0% 16.4% 44.9% 43.7% 11.3% 46.9% 37.9% 15.1% 43.5% 42.2% 14.3% 

crane 5 37.6% 44.4% 18.0% 45.3% 42.9% 11.8% 54.8% 33.3% 11.9% 45.9% 40.2% 13.9% 

crane 6 37.5% 43.0% 19.5% 45.9% 42.6% 11.6% 56.5% 33.9% 9.6% 46.6% 39.8% 13.5% 

crane 7 47.1% 33.8% 19.1% 51.7% 31.5% 16.8% 45.3% 36.3% 18.4% 48.0% 33.8% 18.1% 

crane 8 45.6% 33.9% 20.4% 51.4% 30.6% 18.1% 44.8% 34.8% 20.4% 47.3% 33.1% 19.6% 

crane 9 45.9% 34.3% 19.8% 51.3% 31.0% 17.7% 48.5% 35.5% 16.0% 48.5% 33.6% 17.8% 

crane 10 34.1% 37.4% 28.5% 38.5% 34.0% 27.5% 36.4% 34.4% 29.1% 36.3% 35.3% 28.4% 

crane 11 32.5% 37.6% 29.9% 36.3% 33.7% 30.0% 35.9% 26.8% 37.2% 34.9% 32.7% 32.4% 

crane 12 42.9% 35.0% 22.1% 49.6% 30.0% 20.4% 51.8% 31.8% 16.4% 48.1% 32.2% 19.6% 

 

 

 


