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Preface 

Six years ago I started my study at the department of Mechanical Engineering at the 
Eindhoven University of Technology which I am now about to complete. Inspired by 
vehicle technology and of course the unlimited possibilities offered by LEGO in my 
childhood (Playmobil is definitely too rigid for technicians), I joined Mechanica! En
gineering to become the world's best constructer. However, the worldwide adoration 
of Bob the Builder as being the world's best constroeter tempered my ambitions with 
respect to construction rigorously. Fortunately enough, a new passion entered my life: 
the Modelling of Industrial Systems (4C530). From that day on, I have been interested 
in analyzing, modeHing and optimizing industrial systems, so I choose to graduate at 
the System Engineering Group. 

The darkest moment of my study period took place at my first day here: What an 
incredible torture to expose us, motivated first year students, immediately to the ter
rifying world of imaginary numbers in the very fust course! Personally, I deliberately 
chQose an exact study to get rid of any imaginary stuff, I thought this was reserved for 
psychiatrists. Things could only get better from here! The best experience of my study 
is without a doubt the study tour to the USA in 2002, we had a great time over there. 

I would like to use this preface to state some wordsof thanks to people that have 
helped me a lot during my study. First of all, I would like to thank Esther and my 
parents for supporting me along the way while suffering from my continuous elegies. 

Concerning my study, I would like to thank all the guys and all the girls in the SE-lab 
for their help and entertainment. A word of thanks is also made to prof.dr.ir. Udding 
for the supervisory of this masters project, to Mr. Renders and dr.ir. Lefeber for coach
ing my traineeship and of course to dr.ir. Martens for enlightening our lives with 
imaginary numbers! 

I would like to end this preface with the probably best quote I have heard during the 
past six years: 

I hate Opel Kadetts 
(prof.dr.ir. Han Meijer, 2001) 
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Title: Optimization of order picking in warehouses 

Name student: J.W.J. Mulder 

Supervisor: Prof.dr.ir J.T.Udding 

Start: September 2003 

Finish: November 2004 

Description 

Most supply chains exhibit significant dynamica! behavior. Warehousescan be of great 
importance, since they can absorb fluctuations in supply and demand pattems. Basi
cally, warehouses are used for buffering the differences between production (and ship
ment) rates and customer demand. Except for value-added processing, warehousing 
does not add measurable value to the items stored, while it does require large invest
ments and operating costs. 

Research has shown that order picking labor cost accountsfora large percentage of 
total warehouse operating cost. Therefore, it is important to minimize the labor cost, 
which is determined by the number of piekers employed to process customer orders. 
In addition, it is also important that orders are completed before the agreed shipping 
date (due date). Tardiness, a measure for due date violation, depends on the number 
of pickers. The total order picking cost can be defined as the sum of the labor cost 
and cost associated with due date violation and is a function of the number of pickers. 
Of course, the operating range is always around the minimum of this cost function. 
Assuming the labor cost is fixed, the minimum of the total operating cost function can 
only be decreased by lowering due date violation. Due date violation is influenced by 
the efficiency of the order picking process and the order scheduling. Literature study 
has shown there are numerous methods for optimization of both aspects, ranging from 
very simple heuristics to complex (optima!) algorithms. However, the question is if the 
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higher performance of complex methods compensates the additional efforts and less 
logica! solutions generally obtained by complex methods. Furthermore, the practical 
use of deterministic optimization in a highly stochastic environment such as a ware
house can be doubtful. 

Assignment 

Analyze the possibilities to minimize due date violatien by optimization of piek ef
ficiency and scheduling performance. Investigate the performance of frequently used 
algorithms and determine if there is room for improvement. 

Compare the performance of complex methods with relatively simple methods, for 
both piek efficiency and order scheduling. Determine if the benefits of complex methods 
are large enough to compensate for the increased complexity and less logical solutions. 
Furthermore, investigate the influence of process time variability on scheduling per
formance, taking into account the complexity of various methods. 



Summary 

Warehouses are generally used to absorb fluctuations in supply and demand patterns. 
Although warehouses require large operating cost, the value added to goods by ware
houses is hard to measure. Therefore, minimization of warehouse operating cost is 
very important. Since the order pieking process accounts for 55% of the operating cost, 
optimization of the order picking processis considered in this master's research. 

Order picking can best be described as the retrieval of ordered goods from the stor
age area of warehouses and can be very labor-intensive in case of manual pieking. 
In order to reduce the labor cost associated with order pieking, the number of order 
piekers should be decreased. Unfortunately, employing fewer piekers is conflicting 
with both utilization and due date performance. Generally, lowering the number of 
piekers makes it harder to complete customer orders before the maximum completion 
time, the due date. Therefore, the number of piekerscan only be reduced if the perfor
mance of the order pieking process is improved. 

Basieally, the order pieking processcan be optimized in two ways: by increasing the 
efficiency and by applying appropriate scheduling methods. From an investigation of 
the literature can be concluded that much research is performed with respect to the ef
ficiency of the order pieking process and it is assumed that the room for impravement 
is small. The scheduling of the order pieking processnot stuclied very intensively and 
is therefore more interesting in this context. 

First, an appropriate scheduling approach is investigated and a selection of sched
uling algorithms is adopted to this approach. The complexity of these algorithms de
liberately ranges from very simple to relatively complex in order to analyze if the use 
of complex methods can be justified by significantly better performance. A thorough 
comparison of the performance of the various scheduling algorithms is performed by 
means of simulation, where total (or mean) tardiness is used as the performance indi
cator. Important parameters in the simulation experiments are the variahilities in the 
process time, the interval between due dates and the workload. 
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Summary (in Dutch) 

Magazijnen worden doorgaans gebruikt om de schommelingen tussen vraag en aan
bod te absorberen. Het runnen van een magazijn brengt aanzienlijke kosten met zich 
mee, terwijl de toegevoegde waarde lastig vast te stellen is. Kosten minimalisatie is 
daarom ook van groot belang. Het onderwerp van dit afstudeeronderzoek is optimal
isatie van het order piek proces, aangezien dit proces maar liefst 55% van de totale 
bedrijfskosten veroorzaakt. 

Order pieken kan het beste beschreven worden als het verzamelen van bestelde pro
ducten in het opslag gedeelte van een magazijn. Order pieken is relatief arbeidsinten
sief wanneer dit handmatig gebeurt. De arbeidskosten kunnen uiteraard verminderd 
worden door minder piekers te gebruiken, maar dit kan helaas tot problemen leiden 
met betrekking tot de bezettingsgraad van het personeel en overschrijding van lever
tijden. Wanneer het aantal piekers afneemt is het doorgaans lastiger om alle orders 
op tijd gereed te hebben; hierdoor is het feitelijk alleen mogelijk het aantal piekers te 
verminderen als de prestaties van de order piekers toe nemen. 

Het order piek proces kan op twee manieren geoptimaliseerd worden: door de effi
cietitie te verhogen of door betere planningsmethoden te gebruiken. Uit literatuuron
derzoek is gebleken dat er al veel onderzoek is verricht naar mogelijkheden om het 
order pieken efficietiter te doen verlopen; er is aangenomen dat er met betrekking 
tot efficientie nauwelijks nog mogelijkheden tot verbetering zijn. Er is echter weinig 
documentatie gevonden met betrekking tot de planning van het order piek proces en 
daarom is een onderzoek naar verbetering van de planning interessanter. 

Er is eerst onderzoek verricht naar een passende aanpak voor de planning, vervolgens 
is een selectie van beschikbare planningsalgoritmen aangepast voor deze aanpak. De 
complexiteit van de gekozen algoritmen varieert opzettelijk van zeer eenvoudig tot 
relatief complex; dit is gedaan om de prestaties van complexe methoden te kunnen 
toetsen aan die van betrekkelijk eenvoudige. Met behulp van simulatie experimenten 
is de prestatie van de geselecteerde algoritmen onderzocht. De prestatie wordt geme
ten aan de hand van levertijd overschrijdingen. Belangrijke parameters in de simulatie 
experimenten zijn de variabiliteit in de bewerkingstijden, het interval tussen twee lev
ertijden en de hoeveelheid werk per taak. 
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Chapter 1 

Introduetion 

Most supply chains exhibit significant dynamica! behavior. Warehouses are generally 
used to absorb fluctuations in supply and demand pattems. Basically, warehouses 
are used for buffering the differences between production (and shipment) rates and 
demand. Except for value-added processing, warehousing does not add measurable 
value to the goods stored, while it does require large investments and operating costs. 

The processes in warehousing from receiving to shipping can be divided in three parts. 
The first part is called inbound and concerns receiving, unloading, checking and star
age preparation of received goods. Starage is the second part in the warehousing cy
cle and concerns the starage of goods in the starage area. The last part, outbound, 
camprises the retrieval of ordered goods from the starage area tagether with ship
ping preparations. An important process within outbound is order picking, which can 
be considered as the actual retrieval of ordered goods from their starage locations by 
order pickers. 

Research has shown that the cost associated with (manual) order picking accountsfora 
large percentage of total warehouse operating cost. Because order picking is relatively 
labor intensive, one can imagine that the cost associated with order picking is largely 
represented by labor cost. In addition, the warehouse performance level is specified in 
a Service Level Agreement (SLA), which is a contract between warehouse management 
and costumer, and it can be assumed that vialation of the SLA also induces a certain 
cost for the management. A typical vialation of the SLA is tardiness of shipments. 
According to the response times specified in the SLA, customer orders have maximum 
departure times (due dates). If orders leave the warehouse too late, they are consid
ered to be tardy. Furthermore, the time that a truck has to wait at the warehouse also 
induces a cost. Although the warehouse management does not always has to pay di
rectly for the consequences of tardiness, one can imagine that tardiness is not desired 
with respect to operating a warehouse efficiently and therefore a certain cost can be at
tached to tardiness. Optimization of the order picking process concerns minimization 
of the total of labor and tardiness cost. 

1 



2 Chapter 1. Introduetion 

Previous research 

Basically, optimization of order picking can be split into two subproblems: increasing 
efficiency and rninirnization of tardiness by scheduling. With respect to efficient order 
picking, much research has been performed concerning allocation of stored goods 
[Pet02], the routing of piekers through the starage area [Kos98] and [RooOla] and the 
clustering of orders in so-called piek batches [Kos99]. The performance of schedul
ing algorithms is also intensively stuclied in literature, but applications of scheduling 
algorithms on problems with typical characteristics of warehouses are somewhat un
derexposed. 

At the Systems Engineering Group, a section of the department of Mechanica! En
gineering, a simulation model for warehouses is designed in the past years. Due to 
the complexity of an overall warehouse model, it has been split into separate models 
for inbound [Ger04], starage [Sch04] and outbound [Sle02]. The simulation model can 
be used for rapid verification of the impact of proposed parameter settings or strate
gies on the performance of the warehouse. Although this model is not applied in this 
research, it can be used to validate findings resulting from this research. 

Objective and approach 

In order to optirnize the order picking process, the opportunities for improvements 
affered by the various aspects of order picking must be investigated. The objective of 
this research is to examine the differentaspectsof the order picking process with re
spect to optimization possibilities. Furthermore it is important to estimate the room for 
improvements with respect to the current best performing approaches or algorithms. 
Additionally, the performance of relatively simple methods must be compared with 
complex (optima!) methods in order to deterrnine if the better performance of complex 
methadsis large enough to justify the additional complexity (computational efforts in 
combination with solutions that are hard to understand in practice). 

This report is outlined as follows. Chapter 2 discusses the basics of warehousing, with 
the order picking process in particular. The opportunities with respect to optimiza
tion of different aspects of the order picking process are discussed in Chapter 3, which 
also camprises the considerations for lirniting the scope of this research to schedul
ing techniques. Chapter 4 discusses the characteristics of the scheduling problem that 
is investigated in this research tagether with a number of algorithms that can be ap
plied to this problem. Chapter 5 discusses the performance analysis of the scheduling 
algorithms assuming there is no process time variability. The impact of process time 
variability on scheduling performance is discussed in Chapter 6. Finally, Chapter 7 
presents the conclusions and recommendations for future research. Appendix A con
tains a list of important terms used in this report, Appendix B lists the symbols and 
abbreviations. The remaining appendices can be considered for supporting this report 
with theoretica! backgrounds or investigated subproblems. 



Chapter 2 

Warehousing basics 

This chapter provides an introduetion into the basics of warehousing. A more de
tailed description of warehousing basicscan be found amongst others in [Bar03]. In 
Section 2.1, the most important functions of warehousing are addressed. In the next 
section, the processes in the three parts of a warehouse, inbound, storage and out
bound, are discussed. Finally, Section 2.3 provides a thorough treatment of the order 
picking process which is the most important warehousing process in the context of this 
research. 

2.1 Functions of warehousing 

Why have a warehouse at all? A warehouse requires large investments and operating 
cost while the benefits of warehousing can often not be recognized at first sight. Al
though it is hard to quantify the value-adding aspect of warehouses exactly, there are 
several reasons that justify the use of warehouses. The most important ones are the (fi
nancial) reductions in transportand improved customer satisfaction. Warehousescan 
absorb fluctuations in supply and demand patterns, they can buffer the differences be
tween production rates and customer demand. 

The most important functions of warehousing are according to [Ack97]: 

1. Stockpiling 

2. Product mixing 

3. Consolidation 

4. Distribution 

5. Customer satisfaction. 

Ad 1: Stockpiling is the use of the warehouse as a buffer for production overflow. Ba
sically, there are two reasons for production overflow: either the demand has a 

3 
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Figure 2.1: Abstractmodelsof stockpiling, product mixing, consolidation and distri
bution 

dynamica! pattem (for example the seasonal demand for clothing) or the produc
tion rate changes dynamically (series production or seasonal availability of raw 
materials ). 

Ad 2: Product mixing is the completion of customer specific orders containing mix
tures of various products from different input flows. The origin of product mixing 
is best explained by an example: a manufacturer with various factorles in a re
gion can apply a warehouse in the center of this region where products from all 
factories can be gathered with a minimum effort in transport. 

Ad 3: Consolidation is best explained as the gathering of goods that are to be shipped 
to one final destination. The goods that are gathered originate from different 
locations. By consolidating goods with the same destination, transport efforts 
can be reduced. 

Ad 4: Distribution is the reverse of consolidation. Manufacturers can ship large vol
ume loads to regional distribution centers from which the volume flow is split 
up into smaller flows to customers, which can be delivered faster. 
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Inbound 

Yard control 
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Figure 2.2: Processes in the three parts of a warehouse. 
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Ad 5: Customer satisfaction involves the application of a warehouse on the request of 
a customer. An important reason for this function is to supply customers that use 
fust-In-Time UIT) manufacturing and therefore require short response times. 

These five functions can always be combined withother value-adding processes like 
repacking, labelling or (region specific) assembly activities. Figure 2.1 contains abstract 
models of warehouses for stockpiling, product mixing, consolidation and distribution. 

2.2 Warehousing processes 

This section describes the various processes involved in warehousing. The input flow 
of a warehouse often consistsof large homogeneaus shipments, which are transformed 
in the warehouse into smaller heterogeneaus customer orders. During the flow of the 
goods through the warehouse, a number of processes take place that transform the 
input flow into the output flows. Warehousing processes can be divided into three 
distinct parts according to [RouOO]: 

• Inbound 

• Storage 

• Outbound. 

The processes belonging to each part of the warehouse are shown in Figure 2.2. The 
following paragraphs discuss the processes in the three parts in more detail. Perhaps 
some of the terms used are not clear to the reader, these can be found in [Sch04]. The 
last part of this section deals with the flow of goods through the warehouse. 

Inbound processes 

The inbound part of a warehouse concerns the receiving and putaway of incoming 
shipments and goods. The processes belonging to the inbound part are depicted in 
Figure 2.2 and are explained in this paragraph. 
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Yard control is the fust process in the warehousing cycle and primarily concerns the 
scheduling of receiving and shipping docks is meant. The time at which a truck is 
allowed to enter a certain doek is deterrnined by yard control with the objective 
to minimize the transportation efforts between doek and shipping or piek area. 

Unloading is the transportation of goods from the truck to the staging area. The stag
ing area has got a relatively small capacity and the goods remain in this area until 
putaway. 

Product identification concerns the counting and inspeetion of received goods. Dam
aged goods or shortages are reported in order to prevent problems with respect 
to inventory. 

Shipment consoli dation is grouping of identical goods after identification in order to 
facilitate repacking, coding and putaway activities. The consolidated goods do 
not necessarily have to come from the same shipment. 

Repacking means that received goods are repacked in more comprehensive pack units 
for piek or storage purposes. Repacking takes place if the received goods are too 
small for storage for instance. 

Coding concerns the placement of identification codes on the (repacked) goods. The 
main purpose is to enable simple and accurate identification of stored or pieked 
goods. 

Putaway is the last process in the inbound section and concerns the movement of 
coded goods towards their storage location. This location can be situated either 
in the bulk or the piek area. 

Storage processes 

The primary function of the storage part is the storing in the storage area. The storage 
area generally consistsof two areas: the reserve (or bulk) area and the piek area. Goods 
often arrive at the warehouse in large volumes and are stored in the bulk area fust. 
From this bulk area, goods are placed in smaller amounts in the piek area by a pro
cess called replenishment. In some cases, warehouses do not have separate bulk and 
piek areas, the bulk area is then also used for order picking. The two most important 
processes of the storage part are explained here: 

SKU allocation is the allocation of SKUs (Stock Keeping Units, i.e. the smallest phys
ieal unit of a product) totheir storage location. Two different allocation concepts 
can be distinguished: fixed slotand floating slot. In fixed slot allocation, SKUs are 
always stored at the same storage locations, while floating slot allocation allows 
an SKU to be stored at a different location every time a new shipment arrives. 
Storage locations can be assigned toSKUs basedon many strategies [Ash98]. An 
often used strategy is popularity allocation. This allocation method is based on 
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Figure 2.3: Pareto's principle visualized. 

Pareto's principle that approximately 20% of the SKUs (named class A items) 
account for 80 % of the shipped volume as is illustrated in Figure 2.3. Similarly, 
class B and C items can be distinguished. The popularity allocation strategy 
prescribes that the most popular SKUs (class A) are stored inthebest accessi
bie starage locations, i.e. the storage locations which require minimum retrieval 
effort. 

Replenishment of piek locations concerns the restocking of empty order piek loca
tions with large pack units from the bulk area. There are numerous replenish
ment strategies which all have something in common: they are applied to pre
vent starvation of the piek area. Which strategy suits best strongly depends on 
the warehouse type. Notice that replenishment is only required if a warehouse 
has got separate bulk and piek areas. 

An overview of the types of storage equipment for both bulk and piek areas is pre
sented together with the corresponding transportand handling equipment in [Sch04]. 

Outbound processes 

The outbound part is the last part in the warehousing operation. In the outbound 
part, the heterogeneaus output flow is generated by order picking and subsequent 
processes. Customer satisfaction is directly related to the performance of outbound ac
tivities. The desired performance of warehouses with respect to response times is de
clared in the Service Level Agreement (SLA). The seven outbound processes depicted 
in Figure 2.2 are now addressed. 
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Order picking is the retrieval of products from the storage area in order to complete 
customer orders. As order picking is the most laborious (and therefore most 
expensive) and performance determining processin warehousing, it is also the 
best managed and prepared one. Section 2.3 provides a thorough description of 
the order pieking process. 

Sorting of piek totes (total of SKUs pieked by the order pieker in one piek run) can take 
place during or after the actual retrieval by the order pieker. 

Accumulation concerns the gathering of sorted goods to complement a customer order. 

Unification consistsof the merging of accumulated products into units, enabling easier 
handling. Typieal kinds of units are pallets and boxes. Unification is often com
bined with packing and/ or wrapping. 

Packing or wrapping of unified goods is done to proteet the ordered goods from darn
aging and other accidents. Furthermore, easier handling is enabled by adding 
packing materials. 

Shipping storage concerns the storage of orders that are ready to besenttoa customer 
in the forward (or shipment) area. 

Yard control is the last process in the outbound part. Similar to inbound, outbound 
yard control basieally consists of assigning docks and loading times to trucks. 

Now the most important processes in warehousing are defined, the flow of goods 
through the warehouse is discussed in the next paragraph. 

Flow of goods through the warehouse 

The most common routing of goods through the warehouse is described in this para
graph. The flow of goods presented hereis not valid for all warehouses, although most 
warehouses more or less meet the routing as described here. 

A schematic overview of the flow of goods is shown in Figure 2.4. In this figure, the 
various areas in a warehouse are depicted together with their corresponding processes. 
First, trucks arrive at the doek in the inbound part and are unloaded. The received 
goods are transported to the staging area where the processes product identification, 
inspection, consolidation, repacking and coding take place. After that, the goods are 
putaway towards the reserve or bulk area in the storage part of the warehouse. 

Allocation of goods can take place in both the reserve and the piek area. The storage 
part is furthermore concemed with the replenishment of the piek area with goods from 
the reserve area. The outbound process order pieking takes place in the piek area and 
after order pieking, the pieked SKUs are moved towards the sorting area. 
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Figure 2.4: Schematic overview of flow of goods through different parts of the ware
house. 
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The outbound processes sorting and accumulation take place in the sorting area. The 
sorted goods are then transported to the unitizing area for unifieation and packing or 
wrapping. When the packed goods are ready for shipment, they are moved towards 
the shipping area where they are stored until shipping. Finally, shipping or loading takes 
place at the docks. 

Notice that the extensive treatment of all kinds of processes here does not mean that 
they occur in all warehouse situations. The next section discusses the order pieking 
process in more detail. 

2.3 Order picking 

Order pieking can be defined as the selective retrieval of the appropriate amounts of 
products from a piek (or storage) area to fill specific customer orders. It is the most 
laborious processin warehousing; according to [Tom96], it can account for up to 55% 
of total operating expenses. Because of the large costs involved, order pieking requires 
thorough management and preparations. 

The first part of this section discusses piek preparation, while the next paragraph deals 
with the realization of piek runs. In the next paragraph, a number of piek strategies is 
introduced and this .section ends with a discussion of possible piek configurations, i.e. 
ways in which the order piekers are organized. 

Piek preparation 

Piek preparation is a management activity. lt requires no physical action, only the 
planning and scheduling of the order picking process. Customer orders serve as input 
for piek preparation, which are transformed into piek instruetions for order pickers. A 
piek instruction is the translation of a list of order lines (a customer order) into piek lines. 
Such a piek line consists of at least the type ofSKU, the location to piek it from, and the 
desired quantity. Piek lines in one piek instruction are not necessarily restrieted to a 
single order; single orders can be divided over a number of piek instructions. Piek in
structions often contain information about the route that a pieker has to follow through 
the piek area. Appendix D discusses a number of commonly used routing methods. 

Scheduling of the order pieking process belongs to piek preparation. It is very impor
tant because the key performance indicator of warehouses, response times, are strongly 
influenced by the applied scheduling method. The objective is to schedule order piek
ing activities in such way that the orders leave the facility as close to their shipping 
time (due date) as possible. Both scheduling and generation of piek instructions are 
almost always performed by the Warehouse Management System (WMS). As the per
formance of order picking depends mainly on piek preparation, optimization of the 
order picking process should focus on optimizing the piek preparation. 
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Piek run realization 

The realization of the piek run is in fact only the sequentia! picking of the items in the 
piek instruction by the order pieker. The order pieker visits alllocations stated in the 
piek lines, and retrieves the required number of SKUs. Goods can be pieked manually 
or automatically using Autornaled Storage and Retrieval Systems (ASRS). Autornaled 
order picking is not considered in this research. 

Manual order pieking equipment can be divided into three categories depending on 
the characteristics of the SKUs that need to retrieved: 

Piece retrieval equipment is used when loose SKUs with small dimensions and a low 
weight are pieked. Picking loose goods is mostly done manually. Baskets and 
carts are used in most situations. 

Box and case retrieval equipment is used forSKUs that are heavier and better stack
able (packed in boxes or cases). Two wheel hand trucks (Figure 2.5 (a)) and flat 
carts are often used. When high pallet racks are applied, a stockpieker is often 
used. An empty pallet can be placed on two forks and the order pieker moves 
together with the pallet nearby slorage locations. Retrieved cases are placed on 
the empty pallet. A stockpieker is depieted in Figure 2.5 (b ). 

Pallet retrieval equipment is used when large and heavy palletsneed to be retrieved. 
The most common equipment for retrieving pallets is a fork lift truck. There are 
many different fork lift trucks, from which the sit-down counterbalanced fork lift 
truck is perhaps the best-known. Figure 2.6 (a) shows an example of this type of 
fork lift truck, an example of a straddle type turret fork lift truck is depicted in 
(b). 

After the piek run is completed, the SKUs are deposited at the sorting area, where they 
are sorted if necessary. Sometimes sorting is alr~ady carried out by the order pieker 
while performing the piek run and accumulation of retrieved goods can start right af
ter deposition at the sorting area. 

According to [Fra96], the order pieking processitself can be broken into four specifie 
activities: 

Activity 
Traveling 
Searching 
Extracting 
Paperwork and other activities 

%time 
55% 
15% 
10% 
20% 
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(a) Two wheel hand truck (b) Stockpieker 

Figure 2.5: Two examples of box and case retrieval equipment. 

(a) Sit-down counterbalanced fork lift 
truck 

(b) Straddle type turret fork lift truck 

Figure 2.6: Two examples of pallet retrieval equipment. 
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Piek strategies 

This paragraph discusses a number of commonly used piek strategies. The way in 
which ordered goods are retrieved by order piekers is determined by the piek strategy. 
The applied piek strategy is taken into account during the transition from customer 
order towards piek instructien which takes place during piek preparation. 

The choiee of a piek strategy is basedon both warehouse characteristies (dimensions, 
zones) and order profile (many large orders, few small orders, response time). In order 
to reduce order pieking cost, the piek strategy minimizing totallahor cost should be 
chosen. Notiee that labor cost is not only induced by order picking, other processes like 
sorting can also contribute to totallahor cost. Somepiek strategies minimize travel dis
tanee while they can result in large sorting efforts. Although many warehouses have 
their own exclusive piek strategy, most strategies are based on these four piek strate
gies: 

• Unity picking 

• Batch pieking 

• Zone pieking 

• Wave pieking. 

The definitions of these four piek strategies are provided below together with possible 
applications: 

Unity picking or single order picking is the simplest transformation from an order 
to a piek instruction. A unity piek instructien always contains piek lines of a 
single order, so sorting is not required. In the case of large orders, the order can 
be translated to a number of piek instructions. Unity picking is often used in 
situations with a low number of orders per day or for large volume orders. The 
characteristics of unity pieking are depicted in Figure 2.7(a). 

Batch picking combines multiple orders for the transformation into piek instructions. 
The order pieker pieks SKUs for a number of orders in parallel. Batch pieking 
shortens travel distances in comparison to unity picking, but sorting of the piek 
totes is required. It is best used in situations of small orders. The characteristics 
of batch pieking are depieted in Figure 2.7(b ). 

Zone picking is also called the pick-and-pass method. The piek areawithits piek 
locations is divided into zones. An order pieker only picks the piek lines in his 
zone. Per zone, a unity piek method is often used, but is not obligatory. After 
completion of the piek run in his zone, the piek tote is passed to the order pieker 
in the next zone. When the piek tote has passed through all the required zones, 
the order has been picked and deposited for sorting and accumulation. Zone 
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pieking is mostly applied in situations with SKU volumes. The characteristics of 
zone pieking are depieted in Figure 2.7(c). 

Wave picking is a combination of zone pieking and batch pieking. Orders are dus
tered into piek batches. These piek batches are picked in all zones simultane
ously. The piek totes are thus not passed to the next zone, but all zones piek their 
products for the same piek totes in parallel. The piek totes are then combined to 
complete the piek batch. Naturally, the piek batch also has to be sorted. For many 
large orders with a large number of picks this method often results in the shortest 
cycle time. The characteristics of wave picking are depicted in Figure 2.7(d). 

The last paragraph of this chapter addresses a number of different piek configurations. 

Piek configurations 

After the discussion of the various piek strategies, a number of piek configurations is 
addressed in this paragraph. With piek configuration, the way in which order piekers 
are organized is meant. Before presenting a number of configurations, the definition 
of a trucklaad is introduced fust. 

Notice an order was defined to be a list of products ordered by a customer. After 
an order is completed, it leaves the facility in a truck. However, it is not likely that this 
truck transports only one order. In most cases, a truck is filled to capacity with other 
orders before it leaves the warehouse. All orders that are shipped in the same truck 
belong to the same truckload. In other words, individual orders can be grouped into 
truckloads. An important characteristic of truckloads is that all orders in a trucklaad 
have the same shipping time, since the truck can not leave until all orders have been 
processed and loaded. Therefore, the due date of a trucklaad is determined by the 
order with the earliest due date. The range of a trucklaad is not necessarily restricted 
to one truck; the orders belonging to multiple trucks can also be combined in a single 
truckload, if anci only if the shipping times of these trucks are almost equal. The crite
rion with respect to truckloads is therefore not the actual truck, but the shipping times 
of orders. In the remainder of this report, truckloads are assumed to be restricted to a 
single truck. 

The processing of the orders (or order batches) in a trucklaad can be managed in var
ious ways. Consider a number of order piekers that has been assigned to a zone in 
the piek area. These order piekers should process orders for a number of truckloads; 
each trucklaad consists of a number of separate piek runs. Basically, the realization of 
piek runsfora trucklaad by a number of parallel piekerscan be, organized in two ways: 

• Serial trucklaad processing 

• Parallel trucklaad processing. 



16 Chapter 2. Warehousing basics 
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(a) Serial truckload processing (b) Parallel truckload processing 

Figure 2.8: Basic piek configurations. 

These two configurations are discussed in more detail now: 

Serlal truckload processing is the formation of one large team consisting of all piekers 
in the piek zone. This team performs piek runs for the same truckload in paral
lel. Preemption of truckloads is not considered, which means that once the team 
starts processing piek runs for a certain truckload, all other piek runs from that 
truckload must be processed first before the team can start with a new truckload. 

Parallel truckload processing is the grouping of all piekers in a zone into a number of 
separate teams, that process truckloads individually. Again, preemption of truck
loads is not considered. An extreme of parallel processing is that each piekers 
forms an individual team. 

If truckloads are considered as jobs consisting of a number of piek runs, serlal truck
load processing can beseen as a single machine situation with a single team that pro
cesses jobs serially. On the other hand, parallel truckload processing is the parallel 
machine equivalent, with parallel processing of truckloads. The advantage of serial 
truckload processing is that the average completion time of truckloads is minimized, 
the disadvantage is that the sorting, unitizing or forward area can become congested 
when all piekers deposit their piek totes at the same place. Figure 2.8 shows an example 
of both processing configurations. Each rectangle in Figure 2.8 represents a piek run; 
piek runs with the same color (and number) belong to the same truckload. Graph (a) 
shows the Gantt chart of theserial truckload contiguration with three piekers in one 
team, processing the piek runs for one of the three truckloads (green, blue, red) in par
allel. In graph (b), the parallel truckload configuration is depicted for three teams of 
one pieker. 
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It is possible that the choice of piek configuration is not the same for all zones in the 
piek area. Furthermore, the team sizes can be fixed or they can be variable. Moreover, 
the num.her of piekers per zone can also be variabie in order to provide additional ca
pacity to zones with a backlog. However, the scope of this research is limited to fixed 
team sizes only. Now warehousing basics have been discussed with the order picking 
processin particular, it is time to evaluate the possibilities with respect to optimiza
tion of the order picking process, which is done in the next chapter. The optimization 
problem itself is described in more detail in this chapter. 



18 Chapter 2. Warehousing basics 



Chapter 3 

Optimization of the order picking 
process 

Optimization of the order picking processis a complex problem due to the numerous 
aspects of order picking. The optimization problem is defined in this chapter together 
with an evaluation of the impravement opportunities offered by the various aspects of 
order picking. 

With optimization of the order picking process, minimization of order picking cost 
is meant. Therefore, Section 3.1 addresses the optimization problem and discusses the 
cost factors in order picking. Section 3.2 discusses approaches to improve the order 
picking cost function. A possible way to improve the cost function, optimization of 
piek efficiency, is dealt with in Section 3.3, while Section 3.4 discusses the opportuni
ties with respect to the scheduling of the order picking process. 

3.1 Minimization of order picking cost 

Order picking typically accounts for 55% of total warehouse operating cost accord
ing to [Tom96]. Because the operating cost is mainly determined by the order picking 
process, minimization of the cost involved with order picking is very important with 
respect to the profitability of warehouses. This section discusses the problem of mini
mizing order picking cost. 

Order picking is a labor intensive process, especially when the retrieval of goods is 
performed manually. Generally, labor cost (salaries) determines the greater portion of 
total order picking cost. Reduction of labor cost can be achieved by lowering the num
ber of order pickers, but this is not without consequences. First of all, there should 
always be sufficient capacity available for order picking. The team of piekers should 
be able to process all customer orders that are scheduled for one day, even if they ex
perience some delay caused by for instanee breakdown of equipment. Secondly, the 
order picking process must have some overcapacity in order to cope with a variabie 

19 



20 Chapter 3. Optimization of the order picking process 

(a) No variability (b) Workload variability 

(c) Due date interval variability (d) Combined variability 

Figure 3.1: mustration of the impact of workload and due date interval variability on 
the required number of pickers. 

distribution of work over the day. This distribution is caused by variability in the 
workload associated with a truckload or in the interval between two due dates (maxi
mum shipping time truckloads). 

In Figure 3.1, an example of the influence of variability in the workload or due date 
interval on the utilization is shown. Notice that truckload due dates are assumed to be 
equal to the maximum truckload shipping (or departure) times. In Figure 3.1, a piek 
team consisting of 10 order piekers which has to process 8 truckloads per day is con
sidered. The order piekers are assumed to have an 8 hour shift. The average workload 
of a truckload equals 10 hours, which means that a single pieker requires 10 hours to 
completely process the truckload. Additionally, it is assumed that the truckload due 
dates are distributed along the day with an average interval of 1 hour. Due dates are 
represented in Figure 3.1 by the verticallines; the number in the rectangle denotes 
the truckload number while the number above the reetangles denotes the number of 
piekers that would be required in order to finish the corresponding truckload before 
its due date. 

Figure 3.1(a) represents the situation without variability; all truckloads can be com
pletedintime when a team of 10 piekers is used. Truckloads 1 and 2 in Figure 3.1(b) 
are completed too early because of the shorter workloads (workload variability). How
ever, the tardiness of truckload 5 is more interesting. The only possibility to complete 
all truckloads in time is to apply 11 piekers, but notiee that this means an increase in 
labor cost of 10 %. In this situation, a compromise between tardiness and labor cost 
should be made. Figures 3.1(c) and 3.1(d) show similar behavior but now for due date 
interval variability or a combination of both variabilities. 
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From Figure 3.1 can be concluded that there obviously exists a trade-off between la
bor cost and truckload tardiness. Although labor cost seems more important at fust 
sight, notice that the Service Level Agreement (SLA) between warehouse management 
and customer is mainly determined by the response times of the warehouse. One can 
imagine that tardy trucks do not contribute to meeting the SLA. Furthermore, each 
minute that a truck has to wait at the doek costs money. Although the management 
does not always have to pay for these delays directly, on time departure of trucks is 
definitely preferable. 

Truckload tardiness and labor cost can be compared with each other by assigning a 
certain cost to violation of due dates (tardiness). The tardiness cost function can be 
specified in different ways. In this investigation a linear relation between total tar
diness, that is the sum of the tardiness of all truckloads, and the associated cost is 
proposed. If mis the number of piekers and a is a sealing factor for the transition from 
tardiness to cost, the tardiness cost function can be defined as follows: 

Cr(m) =a· T(m). (3.1) 

Parameter T(m) represents total tardiness and is a function of the number of order 
piekers m. If an infinite number of piekers would be applied, all truckloads are fin
ished at time zero and there is no tardiness at all. On the other hand, for m = 0, the 
total tardiness becomes infinite because truckload are not processed at all. An example 
of a (possible) tardiness cost function is represented by the red line in Figure 3.2. For 
m = 0 the tardiness cost becomes infinite, if there are more than 17 piekers applied, 
there is no tardiness at all. If {3 is considered to be the cost associated with applying an 
order pieker, the labor cost function becomes: 

CL(m) = {3 · m. (3.2) 

Assuming each order piekerinduces the same labor cost {3 (salary and equipment cost), 
the labor cost function is linearly depending on the number of pickers. The labor cost 
are depicted in green in Figure 3.2. The total order picking cost can now be expressed 
as the sum of Cr and CLandis represented by the blue line. 

The trade-off between labor cost and tardiness can be distinguished in Figure 3.2; the 
total cost function has a minimum for m = 7 or 8. This means total order picking cost 
is minimized by applying 7 or 8 order pickers. The problem of finding the optimal 
number of order piekers is not very challenging to solve, since it is basically a discrete 
optimization problem with only one variable. The range of feasible team sizes is very 
limited because a minimum number of piekers is determined by a constraint which 
states that the utilization of the order piekers is not allowed to exceed l.O. Further-
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Figure 3.2: Construction of total cost function from labor and vialation cost function. 

more, investigation of team sizes larger than the one that minimizes tardiness is also 
not interesting (for the example in Figure 3.2 this team size equals 17 pickers). 

Because of the limited range of feasible team sizes, the optima! number óf piekers 
can easily be determined. The real challenge lies in improving the total cost function 
instead of finding the minimum. Since total cost is the sum of labor and tardiness 
cost, the total cost function can be improved by lowering the labor or tardiness cost 
function. Section 3.2 discusses how the total cost function can be improved. 

3.2 lmproving the order picking cost function 

Section 3.1 showed that the problem of finding the optima! number of piekers that 
minimizes total order picking cost is not difficult to solve if both labor and tardiness 
cost functions are known. The real challenge with respect to optimization of the order 
picking process lies in improving the order picking cost function and is discussed in 
this section. 

Impravement of the order picking cost function means that the minimum of the to
tal cost function is reduced. For a certain number of pickers, total cost is the sum of 
labor and tardiness cost and can be reduced by reducing one of these two cost factors. 
Therefore, the minimum of the total cost function can be reduced by lowering either 
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(a) Reference efficiency (b) Efficiency 10 % increased 

Figure 3.3: Example of the impact of efficiency on tardiness. 

the labor or the tardiness cost function. The opportunities for lowering both functions 
are discussed below: 

Labor cost is completely determined by the number of piekers m and the labor cost 
per pieker, represent by {3 in (3.2). It is assumed that a is fixed, because one 
can imagine that it is not possible to simply reduce the salary of order pickers. 
Therefore, the shape of the labor cost function with respect to m is fixed, labor 
cost can only be reduced by using fewer order piekers. 

Tardiness cost is the cost associated with a certain total tardiness. The sealing factor 
a from (3.1) is assumed to be determined by the warehouse management and 
therefore fixed. The only possibility to lower the tardiness cost function is by 
reducing the total tardiness. Tardiness of truckloads can be influenced by better 
organization of the order pieking process during piek preparation. 

Basieally, tardiness can be reduced by optimization of two aspects of the order pieking 
process: 

• Piek efficiency 

• Scheduling. 

Total tardiness can be decreased by improving the efficiency of the order pieking pro
cess. By increasing piek efficiency, order piekers can process more customer orders per 
hour. If workload is defined as the time required to process a job or task by one pro
cessor (employee), the workload associated with truckloads becomes smaller, i.e. the 
processing of a trucklaad requires less time in case of higher efficiency. If the trucklaad 
process times decrease, truckloads can be finished earlier which reduces average tar
diness as is illustrated in Figure 3.3. 

In Figure 3.3(a) the same Gantt chartasin Figure 3.1(b) is shown. Notice the tardiness 
of truckloads 5 and 6. The Gantt chart shown in Figure 3.3(b) results if it is possible 
to increase the piek efficiency with 10 %. Truckloads 5 and 6 are now finished just in 
time as a result of the increased piek efficiency. Optimization of piek efficiency can 
thus be very important with respect to reducing tardiness. In addition, it is possible to 
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process a set of orders with fewer order piekers if efficiency is increased. One way or 
the other, higher piek efficiency always results in lower order picking cost. The aspects 
that deterrnine piek efficiency are discussed in Section 3.3. 

The influence of scheduling on total tardiness does not require further explanation, be
cause one of the most common objectives of scheduling problems is to minimize total 
or mean tardiness. Numerous different scheduling algorithms have been developed 
for this purpose. Section 3.4 discusses the approach used for investigating different 
scheduling methods in order to reduce tardiness. 

3.3 Improving piek efficiency 

According to Figure 3.3, reduction of due date violations can be realized by improving 
the piek efficiency. This section analyzes the opportunities to influence the piek effi
ciency in warehouses. Impravement of piek efficiency results in shorter process times 
for truckloads. Basieally, this is equivalent to reducing the mean time per piek. 

The mean time per piek can be reduced by minimizing retrieval and handling efforts. 
These efforts are mainly deterrnined by the storage and retrieval equipment used in the 
warehouse. This research does not consider different equipment types and therefore, 
retrieval and handling efforts are considered fixed. However, as traveling accounts for 
55% of total order picking time [Fra96], it is more interesting to investigate the oppor
tunities with respect to reducing the travel time per piek. 

Of course, the travel time per piek can be reduced by increasing travel speeds, but 
this also requires better (faster) equipment and is not considered. The other possibility 
to reduce travel time is minimization of travel distance. The travel distance is mainly 
determined by these three aspects: 

• SKU allocation 

• Routing method 

• Order clustering method. 

The allocation of Stock Keeping Units (SKU) in the storage area of a warehouse can 
be realized in different ways. In Section 2.2, the popularity allocation method was 
already discussed. In this research, the influence of various allocation methods on 
piek efficiency is not considered because it is already intensively stuclied [Pet02] and 
is very dependent on warehouse dimensions and order patterns. In the remainder of 
this research, a random allocation method is assumed. Random allocation means that 
SKUs are stored randomly throughout the storage area. It is assumed that the alloca
tion method does not have much impact on the scheduling problem itself. The most 
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(a) 5-shape (b) Optima! 

Figure 3.4: Example of S-shape and optima! routing algorithm. 

important difference between various allocation methods is the variability in the re
sulting piek run process times and the influence of this variability on the scheduling 
problem is considered small on average. 

The opportunities provided by routing and order clustering methods to reduce travel 
distance are analyzed in the next two paragraphs. 

Routing metbod 

In less-than-unit-load warehouses, order piekers retrieve more than one SKU from the 
storage areaduringa piek run. Therefore, multiple storage locations must be visited. 
The route that a pieker needs to follow during the piek run is determined by the rout
ing method. Appendix D discusses a number of routing methods commonly used in 
warehouses. Two examples of routing methods are shown in Figure 3.4. 

Since the objective is to minimize the travel time per piek, an optima! method for creat
ing routes along a set of storage locations seerns desirable. The problem of minimizing 
the travel distance required for visiting a set of locations is known as the Traveling 
Salesman Problem (TSP) [Rin85]. Although TSP is basically a NP-hard problem, the 
special structure of storage areas (parallel aisles) reduces the possible travel direction~ 
in such way that it is possible to solve this routing problem optimally. Ratliff and . 
Rosenthall developed an routing method that is able to find the shortest route within 
short time [Rat83]. 
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Although it optimally solves the order picking TSP, the Ratliff and Rosenthal algorithrn 
is not very often applied in practice. Basieally, there are two reasons that warehouse 
managements do not apply optimal routing. First, the Warehouse Management Sys
tem (WMS) of most warehouses does not support optimal routing since this requires 
detailed information about the geometrie layout of the warehouse. Secondly, optimal 
routes can be complex and hard to understand for the order pickers. Without proper 
navigation equipment, the probability that order piekers make mistakes with respect 
to the optimal route is very large. One can imagine that the benefits of optimal routing 
completely vanish if this route is not followed exactly. Instead of the optima! routing 
method, most warehouse managements apply very simple heuristic methods that re
sult in clear routes for the order piekers. Figure 3.4(a) shows an example of the S-shape 
heuristic [Hal93], which is the most simple routing method. 

The performance of various routing methods is intensively stuclied in literature. Re
search has shown that the difference between the optimal and heuristic methods is 
generally only a small percentage [RooOla]. Because this subject is already investi
gated, it is not considered any further in this research. In the remainder of this report, 
the Ratliff and Rosenthal routing method is applied because it result in the shortest 
(theoretica!) travel distance. 

Order dustering method 

If the batch or wave picking strategy is applied (Section 2.3), multiple orders are picked 
in a single piek run. Batch pieking is applied in order to reduce the travel distance per 
piek. The advantage of batch pieking is that aisles that contain SKUs for different cus
tomer orders have to be traversed only once if these orders are clustered into an order 
batch. 

The reduction in travel distance obtained by batch pieking is completely determined 
by similarities between the orders in a batch. If the orders in a batch showastrong 
similarity with respect to the storage locations (or aisles) that must be visited, a large 
reduction in travel distance can be expected. The order clustering method determines 
which orders should be clustered into a batch. An overview of the most important 
clustering methods is provided in Appendix E, Section E.2. 

The problem of finding order clusters that minimize the total travel distance is an NP
hard combinatorial problem according to [GadOl]. Optimal clustering algorithms have 
been developed for situations with very strict constraints, but a generally applieable 
optimal algorithrn is not available. For a wide variety of warehouse situations, the 
Clarke and Wright (CW) algorithm has been proven to be the best and most robust 
clustering method [Kos99]. 

As a consequence of the absence of optima! methods, the order clustering process of
fers room for impravement with respect to minimization of travel distance. However, 
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much research has been performed conceming order clustering and the expectation is 
that it is hard to develop better methods than the currently existing ones. A possible 
impravement could be the incorporation of Stochastic Local Search (SLS) in the current 
methods but this is left here as a recommendation. Since the current order clustering 
methods are already intensively compared to each other, a short discussion of the vari
ous methods in Appendix E is sufficient in this context. In the remainder of this report, 
the Clarke and Wright algorithm is considered if the order clustering method is men
tioned. 

In Appendix F, the influence of the combination window size on the performance of 
the Clarke and Wright algorithm is discussed. The combination window size specifies 
the number of customer orders that are allowed to form batches together. Furthermore, 
the differences between a fixed and a moving combination window are examined and 
it can be concluded that the additional complexity of a moving combination window 
does not lead to significant increases with respect to performance. 

3.4 Optimization of order picking scheduling 

According to Section 3.2, trucklaad tardiness can be influenced by the scheduling al
gorithm applied to schedule the processing of truckloads and their corresponding piek 
runs. Since the objective is to minimize the total tardiness, the emphasis is on campar
ing of various scheduling algorithms with respect to tardiness. Besides the absolute 
tardiness performance, the complexity of the scheduling algorithms is also taken into 
account, because it is expected that the improvements obtained by applying complex 
methods are sametimes notlarge enough to justify the additional increase in complex
ity. 

In the remainder of this report, a comparison is made between various scheduling 
algorithms. The performance of scheduling algorithms is investigated using a ware
house with only one zone and one piek team operating in this zone. The problem 
complexity is deliberately kept low in order to prevent distraction from the schedul
ing performance by for instanee balancing problems between different piek teams or 
zones. Piekers are assumed to process piek runs from the same trucklaad in parallel 
as is illustrated in Figure 2.8(a). Wave picking is applied with respect to piek strategy, 
notice this is similar to batch picking because of the single piek zone. 

Random allocation of SKUs is assumed; this means each storage location has the same 
probability to contain SKUs for a customer order. Furthermore, piek runs are per
formed using the optimal routing method of Ratliff and Rosenthal and orders are dus
tered according to the Clarke and Wright algorithm. 

The scheduling problem resulting from the proposed order picking situation is de
scribed in Chapter 4. Scheduling algorithms considered for comparison are also pre-
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sented in this chapter. The actual analysis of the performance of various scheduling 
algorithms is discussed in Chapters 5 and 6. Chapter 5 considers the scheduling per
formance with respect to tardiness if process time are fixed; Chapter 6 addresses the 
influence of process time variability on the performance of scheduling algorithms. 



Chapter 4 

Scheduling - Single Machine 
Configuration 

Several configurations of the order pieking process have been discussed in Section 2.3. 
The single machine (or serial truckload) configuration consists of one team of order 
piekers, whieh perfarm piek runs for the same trucklaad in parallel. In this chapter, 
the scheduling approach corresponding to this configuration is considered tagether 
with the scheduling algorithms that have been investigated. 

First, the objective of the single machine scheduling approach is discussed inSection 4.1. 
Section 4.2 addresses the assumptions made for the single machine configuration. 
Next, the division of the scheduling problem into trucklaad and piek run scheduling 
is explained inSection 4.3. Section 4.4 describes the selection of scheduling algorithms 
that have been simulated. 

4.1 Objective 

In this section, the objective of the single machine scheduling approach is addressed. 
In order to understand the thoughts behind this objective, the reasans for applying a 
single machine configuration (one piek team) are discussed fust. 

The single machine configuration consists of one team in which all piekers operate 
in parallel. All piekers perfarm piek runs for one trucklaad at the same time. One 
can imagine that this approach is harder to manage in practice than it would be if the 
piekers are divided into smaller teams. Furthermore, a large team of piekers operat
ing in parallel can cause congestion in the facility, especially in the sorting or shipping 
area. Consiclering these disadvantages, why should this approach be applied at all? 

Merging all piekers into one team with a large capacity can be beneficia! when the due 
dates (maximum completion times) of truckloads are distributed over time, i.e. the due 
dates are spread over the day insteadof concentrated around a certain time. If truck-
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Figure 4.1: Single machine approach advantage illustrated with Gantt charts. 

loads are completed after their due date, the truckloads are considered being tardy. 
Tardiness is of course not desirabie and can be decreased by minimization of the truck
laad completion times, because tardiness is the exceeding of due dates. Processing 
truckloads by one team of piekers operating in parallel can be seen as parallel pro
cessing and since the most important advantage of parallel processing is minimization 
of (mean) completion times, mean tardiness is reduced by using the single machine ap
proach. To illustrate this advantage of the single machine approach with an example, 
Figure 4.1 contains four Gantt charts. 

In the Gantt charts, a schedule with three piekers (vertical axis) is shown with respect 
to time (horizontal). Three truckloads have to be processed (picked), the correspond
ing workloads are w1 = 6, w2 = 5 and w3 = 7. The verticallines represent the due 
dates corresponding to the truckloads. Charts (a) and (b) represent the situation with 
due dates concentrated around time 6.5 (d1 = 6.5, d2 = 6 and d3 = 7). The situation 
with distributed due dates is depicted incharts (c) and (d) (d 1 = 4, d2 = 2 and d3 = 6). 
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In chart (a), the multiple machine approach is depieted, which employs three piek 
teams consisting of a single pieker. As a consequence of the concentration of due 
dates, all truckloads are completed in time and hence there is no tardiness. Chart (b) 
shows the single machine equivalent with truckloads sequenced by increasing due 
date (Earliest Due Date, Section H.2). Now, one team of parallel operating piekers pro
cesses the truckloads in sequence. Although the mean completion time reduces from 
6 (C = j · (C1 + C2 + C3 ) = j · (5 + 6 + 7)) to j · (1~ + 3~ + 6) = 3~, the tardiness 
does not decrease, since there was no tardiness at all. However, notice that the earlier 
completion of truckloads 1 and 2 could be an advantage if the corresponding trucks 
also arrive earlier at the warehouse. 

On the other hand, charts (c) and (d) illustrate the situation in which the due dates are 
distributed over time and the benefits of the single machine approach clearly show. 
Consiclering the specified due dates, the total tardiness T equals 6 (2+3+1) inchart (c). 
However, the single machine configuration depieted inchart (d) results inT= 0, im
plying all truckloads are completed before their corresponding due dates if sequenced 
in EDD-order. For this reason, the single machine approach can be very beneficia!. 

With respect to total tardiness, the process sequence of the truckloads is of great impor
tance. Application of appropriate scheduling algorithms can result in lower tardiness. 
The main objective of the single machine scheduling approach is minimization of the 
total (or mean) tardiness of truckloads. Section 4.2 provides the assumptions that have 
been made with respect to the single machine approach. 

4.2 Assumptions 

The main characteristic of the single machine configuration is the presence of only one 
team of order piekers processing several piek runs for a single trucklaad in parallel. 
With respect to the scheduling approach proposed in Section 4.3, the followings as
sumptions have been made: 

• All orders are known in advance. 

• Trucks arrive at the warehouse on time. 

• Orders for the same trucklaad have the same due date. 

• Truckloads are not restrieted to one truck, all orders with the same due date can 
be grouped in a truckload. 

• All piekers process at the same rate. 

• Preeroption of a trucklaad is not allowed. 
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• The number of docks in use is not limited. 

• Any kind of congestion caused by too many piekers is neglected. 

• Early completion of truckloads is not penalized. 

Basedon these assumptions, Section 4.3 addresses the scheduling problem conceming 
the single machine configuration. 

4.3 Scheduling problem 

InSection 4.2, the objective of the single machine configuratiönwas defined as mini
mizing total tardiness Tin case of distributed due dates. In addition to choosing an 
well-suited piek configuration (single machine), the scheduling method applied also 
plays an important role. This section addresses the scheduling problem resulting from 
the single machine configuration. First, the problem characteristics are discussed, fol
Iowed by the proposed scheduling approach. Section 4.4 discusses suitable algorithms 
for solving the scheduling problem. 

Charaderistics . 

The representation of truckloads in Figure 4.1 suggests that the workload w associated 
with a trucklaad (sum of piek run processing times) can be considered as a continu
ous variabie that can be equally divided over a number of piekers. If the continuity 
suggestion holds and a single machine approach is used, involvement of individual 
piekers in the scheduling problem is not necessary. The parallel operating piekers can 
better be represented as one team as is shown in Figure 4.2(b ). In this case, the sched
uling problem would reduce to a common Single Machine Total Tardiness Problem 
(SMTTP), which is discussed in more detailinSection H.l. Notice that Figure 4.2(a) 
shows the multiple machine equivalent of Figure 4.2(b), similar to the structure used 
in Figure 4.1. 

In practical warehousing however, workload associated with the orders of a trucklaad 
cannot be considered continuous. Notiee that each trucklaad consists of a number of 
piek runs r, with corresponding discrete process times p; (i = 1, ... , r), defining the 
workload as: 

r 

W= LPi· (4.1) 
i=l 

Because the workload is the sum of a number of discrete piek run process times, it is 
not allowed to assume that the workload can be equally divided over the piekers as 
proposed inchart (b). Inchart (c), the piek runs of each trucklaad are drawn and chart 
(d) shows the actual schedule that results in the single machine approach. Notice that 
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Figure 4.2: Influence of discrete piek run process times on trucklaad completion times. 

one piek run of trucklaad 3 exceeds the due date at time 6, inducing a tardiness of 0.5. 
Neglecting discrete piek run times would result in too optimistic scheduling outcome 
with respect to tardiness. 

The presence of discrete piek run process times disables a perfect balancing of work
load over the piekers in a teamand therefore, the process time of a trucklaad processed 
by a team with ca pa city m cannot be estimated as p = f* . As a result, it is not possible 
todetermine the trucklaad completion time according to C = T + p, where T is the 
time at which the team starts processing the current truckload. Assuming a trucklaad 
cannot leave the facility before it is complete, i.e. all piek runs have been finished, the 
completion time is defined as: 

C = max(C;), (4.2) 
lET 
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where C; is the completion time of piek run i. The completion tirnes C; are dependent 
on the piek run tirnes p; and the way in which the piek runs are divided over the 
piekers. Due to these dependencies, trucklaad completion tirnes cannot be deterrnined 
without scheduling the individual piek runs first. Because cornrnon SMTIP scheduling 
algorithrns are based on the availability of exact completion times, application of these 
algorithrns in the single machine approach requires a dedicated approach. 

Approach 

One of the assumptions addressed in Section 4.2 is that preemption of truckloads is 
not allowed. This means that a trucklaad in process can not be interrupted for an
other truckload. Conceming scheduling, preemption can only be useful when a job 
(truckload) with a higher priority arrives, comparable torushorders that arrive at the 
facility during the day. However, since it is assumed that all orders are known in 
advance, preemption is considered redundant. Since there are nounforeseen high pri
ority truckloads, sequencing of truckloads can take place in advance. 

Without preemption, the scheduling problem basically reduces to finding the truck
laad sequence that rninirnizes total tardiness T. This problem is closely related to the 
Single Machine Total Tardiness Problem, except for the deterrnination of the comple
tion tirnes C. Instead of sirnply adding the average process time p to the start time T, 

the completion tirne(that is the completion time of the last pieker) has to be deterrnined 
by creating apartial schedule containing the piek runs of the current trucklaad and the 
tirnes at which each pieker becomes available for the current truckload. Notiee these 
tirnes are not equal, piekers can start with the current trucklaad while other piekers 
are still processing the subsequent one. Because the objective is to rninirnize tardi
ness, which only occurs if the completion time exceeds the due date (C; > d;), the 
subproblem of rninirnizing the completion time of truckloàd i arises. Basieally, the 
scheduling approach can be divided in two levels: 

1. Global trucklaad scheduling 

2. Local piek run scheduling. 

Global truckload scheduling 

Global trucklaad scheduling can be interpreted as finding the optirnal trucklaad se
quence for the single machine configuration. Because of the strong resemblances with 
SMTIP, it is suggested that dedieated SMTIP-algorithrns (Appendix H) are applied to 
solve the global trucklaad scheduling problem. There is only one important problem: 
the decision policy in most SMTIP-algorithrns (except for EDD) is basedon tardiness 
information. As the tardiness of a job i is defined as: 
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Figure 4.3: Illustration of local piek run versus global trucklaad schedule. 
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(4.3) 

then it is important that the completion time C; is known during the scheduling pro
cedure. The exact completion time is dependent on both the piek runs in the trucklaad 
as wellas the completion time of the previous truckload. In order to keep the objective 
variable, the tardiness T, up to date, the trucklaad completion times have to be recom
puted each optimization step. The determination of the completion times takes place 
at the local piek run scheduling level. In Figure 4.3, a local schedule containing piek 
runs is shown (a) together with the global trucklaad equivalent (b). 

Local piek run scheduling 

Local piek run scheduling consistsof assigning the piek runs of a certain trucklaad to 
the order piekers in the team, while minimizing the completion time of the last piek 
run. Using the three-field notation introduced by [Gra79], this specific subproblem 
can be written as PIICmax· Appendix I discusses the PIICmax problem in more detail 
together with appropriate algorithms. 

With respect to the scheduling approach, it can be concluded that the objective is to 
find the optima! trucklaad sequence. This sequencing procedure takes place on the 
globallevel by means of applying SMTTP algorithms which are assisted by PIICmax 
algorithms on the localleveL By combining various global and locallevel algorithms 
with each other, many solution strategies can be formed. Section 4.4 discusses the al
gorithm combinations that have been examined in this research. 

Notice that the proposed approach schedules the piek runs of truckloads in sequence. 
Once the schedule of a trucklaad is constructed, it is not changed for the benefits of 
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other truckloads. However, one can imagine that if a trucklaad consists of a num.her of 
short piek runs and one very long piek run, it could be beneficia! change the schedule 
of the subsequent trucklaad in ordertostart earlier with this (critica!) long piek run. 
This method is however not applied since it is assumed that the variability in the piek 
run process times is relatively small in practice. 

4.4 Algorithms 

In this section, the algorithms that have been examined in this research are presented. 
First, the algorithms for global trucklaad scheduling are discussed, foliowed by the 
local piek run scheduling algorithms. Combinations between these two types that have 
been examined are addressed in the last paragraph. 

SMTTP Algorithms 

The SMTTP algorithms are discussed in detail in Appendix H, only the main charac
teristics are summarized here. In this research, three different SMTPP algorithms are 
compared: 

1. Earliest Due Date (EDD) 

2. Modilied Due Date (MDD) 

3. Wilkerson and lrwin (WI). 

Ad 1: The Earliest Due Date ruleis the simplest heuristie for SMTTP. It sequences 
truckloads according to ascending due dates. As this heuristic is very simple, 
the performance with respect to minimizing tardiness is also expected to be low. 
Since EDD does not involve completion times, a combination with local piek run 
sched uling is not required. 

Ad 2: The Modified Due Date heuristic [Bak82] is an iterative extension of the EDD
rule, which includes the influence of completion times. Originally, the modified 
due date is defined as: 

mdi = max { T +pi, di}., (4.4) 

Where Pi is the process time of trucklaad i. Due to the parallel piekers and the 
dependency on the completion times of earlier truckloads, a fixed process time 
cannot be specified. However, the term T +Pi corresponds to completion time Ci 
and the modified due date can be specified as follows: 

(4.5) 
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This definition clearly requires the trucklaad completion times Ci, so combina
tion withalocal scheduling algorithm is necessary. At each iteration step, MDD 
appends the job with the lowest modified due date to the current sequence. The 
algorithm is of moderate complexity and the performance is expected to be also 
moderate. 

Ad 3: The Wilkerson and Irwin algorithm is more complex than EDD and MDD and 
is therefore not discussed in detail here. Only the most important modification 
with respect to the description inSection H.4 is described here. This modification 
concerns the WI decision rule which was originally defined as: 

(4.6) 

Similar to equation 4.4, this rule also requires (unknown) process times. It is how
ever possible to express the decision rule in terms of completion times as follows: 

(4.7) 

If the decision rule evaluates to true, then truckload j must be placed before i. 
Again, the completion times are determined using local scheduling algorithms. 
Although the WI algorithm is of moderate complexity, it has been proven to per
farm very well in comparison to optimal algorithms [Pot91]. 

Another SMTTP algorithm described in Section H.Sis the Ant Colony System (ACS). 
ACS is a stochastic local search meta-heuristic, which perfarms a local search on sto
chastically generated initial solutions [Dor97]. The ACS algorithm is very complex 
compared to MDD or Wilkerson and Irwin . . The performance is outstanding, ACS has 
been proven to find optimal solutions for 125 benchmark instances of 100 jobs [Dor99]. 

However, the practical use of ACS can be questioned, since [Pot91] has shown that 
the relatively simple WI algorithm finds the optimal salution to 54 of the 125 instances, 
with an average deviation of only 1.28% for all instances. Preliminary tests camparing 
ACS with WI have shown that the benefits of ACS are marginal, in most situations 
both algorithms produce exactly the same schedule. 

As part of the objective of this research is to compare the performance of simple heuris
tics with (almost) optimal algorithms, the WI algorithms is considered good enough 
for representing an almost optimal algorithm. For this reason, ACS is only mentioned 
in this context but not investigated any further. 
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PIICmax Algorithms 

The PIICmax problem and algorithms are dealt with in Appendix I. In this section, only 
the three algorithms that have been investigated are mentioned: 

1. Approximation (APP) 

2. Largest Process Time (LPT} 

3. Worldoad balancing (WB). 

Ad 1: The approximation algorithm is the fastest local scheduling method. It does not 
consider piek runs at all, but simply calculates the mean completion time, assum
ing that the workload could be ideally divided over the piekers (See Figure 4.2, 
chart (b) ). Although it is mentioned inSection 4.3 that this kind of approximation 
tends to result in too optimistie schedules, the scheduling performance using the 
approximation is investigated and compared withother methods. 

Ad 2: The Largest Process Time (LPT} heuristic [Gra69] is a simple and fast approxi
mation method for solving PIICmax· LPT is basically a sequencing rule that sched
ules piek runs in sequence of decreasing process times. The run with the largest 
process time is assigned to the pieker with the lowest current workload, until 
all piek runs have been assigned. The LPT algorithm is relatively simple, and is 
expected to perfarm moderately. 

Ad 3: The Workload Balancing algorithm [Hur04] proposed inSection 1.5 is relatively 
complex (time consuming) but results better solutions for PIICmax than LPT does. 
The algorithm starts with an initia! LPT schedule and iteratively tries to decrease 
the maximum completion time of the schedule. This is done by performing alo
cal search on the current solution. The local search procedure optimally resched
ules the piek runs assigned to the pieker with the highest workload and another 
pieker in order to lower the maximum completion time. The optima! resched
uling procedure is performed by means of a branch and bound algorithm, which 
can require much computation time. However, the WB algorithm is expected to 
result in close to optima! schedules. 

Combinations 

Except for the EDD algorithm, all SMTIP algorithms require completion time infor
mation that must be derived from the PIICmax subproblems (local piek run schedul
ing). When global scheduling has terminated, i.e. the trucklaad sequence has been 
determined, the final schedule must be constructed by assigning all jobs to the piekers 
according to one of the local scheduling algorithms. Various PIICmax algorithms can be 
used during global scheduling and final schedule construction. Figure 4.4 illustrates 
the scheduling procedure schematically. 
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Figure 4.4: Schematic representation scheduling procedure. 

Preliminary tests have shown that the application of the Workload Balancing algo
rithm in the trucklaad sequencing procedure is relatively time-consuming, while the 
resulting trucklaad sequences are almost always equal to those found using the LPT 
algorithm. This is probably caused by the small dilierences between both methods, 
which are too small to result in another sequence. For this reason, the WB algorithm 
is not considered for the trucklaad sequencing part. Although WB is not interesting 
with respect to the trucklaad sequence, it is indeed interesting with respect to tardi
ness and therefore, it is applied during final schedule construction. Furthermore, the 
approximation algorithm APP cannot be used for final schedule construction, because 
it does not schedule piek runs at all; it simply computes a process time (and therefore 
completion time) approximation for truckloads. 

Table 4.1 contains the algorithm combinations that are considered for further investi
gation. Combinations (or algorithms) will denoted as EDD/-/LPT (for combination 1) 
in the remainder of this report. 

In the Chapter 5, the performance of the 10 algorithms from Table 4.1 is investigated 
in case of fixed process times. Fixed process times means in this context that the ac
tual piek run process times are exactly equal to the calculated process times applied 
in the scheduling procedure. In real-life however, large dilierences between the actual 
and the calculated process timescan appear; this is called process time variability and 
is inherent to manual processes. Due to process time variability, theoretica! optima! 
schedules could not be optimal in practice after all. The influence of variability on the 
performance of scheduling algorithmsis investigated in Chapter 6. 
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Global truckload Local piek run Final schedule 
scheduling scheduling construction 

1 EDD - LPT 
2 EDD - WB 
3 MDD APP LPT 
4 MDD APP WB 
5 MDD LPT LPT 
6 MDD LPT WB 
7 WI APP LPT 
8 WI APP WB 
9 WI LPT LPT 
10 WI LPT WB 

Table 4.1: SMTTP I PIICmax algorithm combinations. 



Chapter 5 

Scheduling - Fixed Process Time 
Analysis 

In this chapter, the performance of the scheduling algorithm combinations proposed 
in Sectien 4.4 is analyzed for fixed process times. With fixed, the absence of process 
time variability is meant. It is assumed that the time required by a pieker to actually 
process a piek run is equal to the piek run process time that is used during the sched
uling procedure. The influence of process time variability is discussed in Chapter 6. 

Performance evaluation is carried out by means of simulation. The performance in
dicator is the mean tardiness per truckload, T which results by dividing total tardiness 
T by the number of truckloads. Sectien 5.1 discusses the simulation approach. Next, 
the parameters of interest are addressed tagether with the values used in the sirnula
tien experiments in Sectien 5.2. Simulation results are presented in Sectien 5.3. Finally, 
Sectien 5.4 deals with the conclusions that can be drawn from the results. 

5.1 Approach 

This sectien discusses the simulation approach applied to investigate the performance 
of scheduling algorithms. The structure of this sectien is as fellows: the warehouse 
situation is introduced fust, foliowed by a description of the simulation model. The 
last part of this sectien discusses the validatien of the simulation model. 

Situation 

The reference warehouse in this analysis is based on the parameter values of ware
house 1 from Table F.l. Only one of the three situations presented in this tableis used 
for simulation experiments in order to limit the total number of experiments. With re
spect to the scheduling problem, the differences between the warehouses are restricted 
to different mean piek run process times; interesting parameters such as the variability 
in the piek run process times are almost equal. 

41 
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The average number of order lines for one trucklaad (workload) is set to 250 lines, 
other trucklaad sizes result in more or fewer piek runs per truckload, but this effect can 
be sirnulated by changing the number of order piekers as is discussed in Section 5.2. 
Assurning a 85% utilization of the maximum piek run capacity (maximum number 
of lines that can be picked in one piek run) of 12 lines, the number of piek runs per 
trucklaad equals approximately 25 on average. 

Simulation model 

Sirnulation experiments are performed using Matlab, a matrix-oriented software pack
age for perforrning numerical computations. Because experiments basically consist of 
applying a data settoa number of algorithrns, the matrix-oriented structure in combi
nation with the relatively sirnple irnplementation of algorithrns, makes a package like 
Matlab well-suited for this situation. 

The model is based on the assumptions from Section 4.2 and creates schedules with 
a length of one working day using the 10 algorithrns from Table 4.1, Section 4.4. Al
though a piek run officially contains a number of customer orders that can be picked 
together, the clustering of orders into piek runs is not considered in the experiments. 
Insteadof perforrning the tirne-consuming order clustering procedure for every sched
ule instanee in order to generate a number of piek run process times, a piek run pro
cess time approximation is applied. Appendix G discusses the applied approximation 
method and presents numerical approximations fora variety of warehouse situations. 
Besides computational aspects, another motivation is that the scheduling problem only 
requires piek run process times. Specific order information such as piek locations are 
not necessary with respect to scheduling, only the process times and these are drawn 
from an approximation. 

Validation 

The correctnessof the sirnulation model is checked by validating sirnulation results. 
Since model behavior is basically determined by the examined algorithrns, a valida
tion of the algorithrn irnplementations is performed by means of manual computation. 

The irnplementation of the piek run scheduling algorithrns has been validated by cam
paring the schedules resulting from sirnulation and manual computation. Further
more, sirnulation output of each scheduling step has been exarnined todetermine if 
the decision path is correct. This is done for 10 instances with 5 piekers and 25 piek 
runs, where the piek run process tirnes were drawn from an uniform distribution. 

The trucklaad scheduling algorithrn irnplementations have been validated using a sin
gle machine approximation, i.e. only the workload associated with a trucklaad is con
sidered for one team instead of assigning piek runs to the piekers in that team. Single 
machine sequences produced by the sirnulation model are validated for 5 instances of 
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20 truckloads. Furthermore, simulation results for several extreme cases have been ex
amined. An example of an extreme case is the situation in which all due dates are set 
to time zero, where the resulting sequence that minimizes total tardiness should be in 
SPT-order (Shortest Process Time). 

Notice that order piekers that have finished their piek runs for a certain trucklaad 
can already start processing for the next one, while other piekers are still busy with 
the current truckload. By validating trucklaad and piek run scheduling independent 
of each other, this aspect is not validated yet. The way in which this is validated is 
very straightforward: the sum of all workloads of truckloads (equivalent to all piek · 
run process times) should be equal to the sum of times at which each pieker finishes 
his last piek run of the last truckload. 

After the algorithm implementations have been validated, the correctness of the entire 
model containing algorithms, data generation and tardiness calculations is examined. 
This is done by analyzing output from test experiments in order to notice strange re
sults. Since the model did notproduce inexplieable output, it can be assumed that the 
simulation model behaves correctly. 

5.2 Simulation Plan 

The simulation plan is treated in this section. The parameters of interest are discussed 
fust, foliowed by the actual parameter values that have been used in the simulation 
experiments. Data generation, that is the generation of workloads, piek run process 
times and due dates, is dealt with in Appendix K, Section K.l, the determination of an 
appropriate simulation run length is discussed inSection K.3. 

Parameters of interest 

The influence of the following parameters on the performance of scheduling algo
rithms have been investigated in the simulation experiments: 

1. Number of piekers m 

2. Utilization u 

3. Squared coefficient of variation of workload c; 

4. Squared coefficient of variation of interval between due dates c~. 

Ad 1: The total piek capacity and therefore the number of truckloads that can be pro
cessed during one day is defined by the number of piekers m. By varying m, 
the number of truckloads per day also varies, which can be important because 
it is expected that the performance of simple scheduling algorithms decreases if 
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the number of truckloads to be scheduled increases. Furthermore, the average 
number of piek runs from the same trucklaad performed by one pieker decreases 
when m is increased. If the number of runs in a truckload, r is equal to m, then 
each pieker perfarms exactly one run for that specifie truckload. With respect 
to piek run scheduling algorithms, it is expected that complex algorithms like 
workload balancing (Appendix I, Section 1.5) perform relatively better when the 
number of piek runs per pieker is high, since this results in more opportunities 
to optimize the piek run schedule. 

Ad 2: Utilization u denotes is the ratio between the total workload and the available 
capacity, which can be formulated as: 

k·w 
U=--, 

m·a 
(5.1) 

where kis the number of truckloads per day [truckload], w the average work
load associated with a truckload, i.e. the time required to process a trucklaad by 
a single pieker [hour/truckload]. The workforce is denoted bym [pieker] and pa
rameter a represents the duration of one working day [hour/pieker]. If u > 1, 
the total workload of all truckloads exceeds the piek capacity. In this case, it is not 
possible to process all truckloads since there is insufficient capacity. For u < 1, 
there is overcapacity and piekers do nothave to process continuously to complete 
all truckloads scheduled for one day. Utilization is considered a parameter of in
terest because the expectation is that changing u affects the performance of the 
algorithms, since the schedule tightness is depending on utilization. Tight sched
ules caused by high utilization offer more optimization potential. Therefore, it is 
expected that the performance of complex algorithms increases compared to sim
ple algorithms for instances with high utilization. 

Ad 3: The workload associated with a trucklaad is the time required by one pieker 
to completely process a truckload. In simulation experiments, the workload is 
assumed to be gamma distributed stochastic variable. The motivation for choos
ing a gamma distribution is given in Appendix L. If all truckloads would have 
the same constant workload, complex scheduling algorithms would be unneces
sary, since the EDD-sequence guarantees optimality for constant process times 
(Section H.2). The coefficient of variation (CV) represents the ratio between the 
standard deviation and the mean of a stochastic variabie and is defined as: 

() 

c = -, 
J.1 

(5.2) 

where CJ is the standard deviation and J.1 is the mean value of the variable. The 
squared coefficient of variation is formulated as: 

()2 2_ 
c- 2' 

J.1 
(5.3) 
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where cr2 is called the variance. By varying c2, it is possible to shift from almost 
constant workloads (EDD-sequence) to highly variabie workloads. It is expected 
that more complex SMTIP algorithms outperform the simple EDD heuristic for 
larger coefficients of variation. 

Ad 4: The due date interval is the time between two subsequent due dates. If the due 
date interval would be constant, the truckload due dates would be distributed 
uniformly over the day. Assuming the interval to be a stochastic variable, it is 
possible to obtain situations with a more chaotic distribution of the due dates. 
If due dates are distributed chaotically, the probability of tardy truckloads in
creases and the expectation is that the optimization possibilities increase. Again, 
a gamma distribution is chosen to describe the variabie behavior of the due date 
interval (see Appendix L). 

In the following paragraph, the values of these four parameters used in simulation 
experiments are discussed. 

Simulation experiments 

In this paragraph, the parameter values defining the simulation experiments are dis
cussed. In order to analyze the performance of the scheduling algorithms, 216simula
tion experiments have been carried out. 

Number of piekers 

Three different numbers of piekers have been investigated: 5, 10 and 20 order piekers 
operatingin one team. InSection 5.1, the number of piek runs per truckload was de
termined to be 25 on average. A workforce of 20 piekers was chosen as a maximum 
value, resulting in approximately 1.25 piek runs of one truckload per pieker. The mean 
time per piek (order line) for the reference warehouse with a workload of 250 order 
lines was determined to be 64.60 seconds (see Section G.4, warehouse 1), whieh leads 
to an average workload of 64.60 · 250 = 1.62 · 104 seconds (for one pieker). Assuming 
a utilization of u = 1.0, the capacity available for a day with 8 working hours equals 
20 · 8 · 3600 = 5.76 ·105 seconds and thus, approximately 36 truckloads can be handled 
by 20 piekers. This number of truckloads is considered to be an appropriate maximum 
for this analysis. 

The values of 5 and 10 piekers are chosen to investigate what happens if the number 
of truckloads decreases. A team consisting of 5 piekers can process approximately 9 
truckloads per day at u = l.O. Investigation of smaller teams is not considered useful, 
because the scheduling problem becomes relatively simple with less than 9 truckloads 
to schedule. With respect to the piek run scheduling algorithms, the average num
ber of piek runs for the same truckload per pieker equals 5 for a workforce of 5. It is 
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expected that the benefits of the workload balancing algorithm are more obvious for 
smaller numbers of pickers. 

Utilization 

With respect to utilization, three different settings have been simulated. Experiments 
are carried out for u = 0.90, 0.95 and l.O. Configurations with an utilization smaller 
than 0.90 are not considered, u < 0.90 implies 10% idle time and in most cases little 
or no tardiness at all. Evaluation of scheduling algorithms with respect to minimiza
tion of total tardiness is not very interesting in such situations. Instances with u > 1.0 
are also not considered, since the capacity shortage can result in non-realistic viola
tions of due dates. Furthermore, it is assumed that warehouses tend to operate with a 
utilization smaller than l.O. 

Squared coefficient of varlation of the workload 

Six different settings of c~ have been considered in the simulation experiments: 10-4, 

10-3, 10-2, 10-1, 0.5 · 10° and 10°. The value of 10-4 was chosen as the minimum; 
smaller coefficients of varia ti on are not interesting as a random variabie with c2 = 1 o-4 

is nearly constant. In Figure 5.1, probability density functions (PDF) of the gamma dis
tribution are drawn for different squared coefficients of variation in order to illustrate 
the influence of c~ on the shape of the PDF. The maximum value of c~ is set to 10°, 
which represents a very extreme situation where the workload of most truckloads is 
far below the average workload and a small number of truckloads has got an extremly 
large workload. Although it is noticed that this is not a very realistic representation 
of actual workload variability, it is considered for investigating what happens to the 
scheduling performance in extreme situations. On the other hand, the situation with 
c~ = 10-4 is also not very common as this implies almost constant workloads for all 
truckloads, but the extremes are chosen to cover a wide range with respect to work
load variability, practical situations are expected to have a c~ situated between these 
two extremes. 

Squared coefficient of varlation of interval between due dates 

Simulation experiments are performed using four values for the due date interval 
squared coefficient of variation: 10-2, 10-1, 10° and 101. Experiments with c~ = 10-2 

have an almost constant interval between two due dates, whereas a value of 101 results 
in a relatively chaotic distribution of due dates over the day. Examples of the distribu
tion of the due date for the chosen parameter settings are depicted in Figure 5.2. The 
horizontal axis represents the time span of one day, where the due dates are drawn as 
verticallines. 
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number of piekers m utilization u 
no 5 10 20 0.90 0.95 1.00 
1 • • 
2 • • 
3 • • 
4 • • 
5 • • 
6 • • 
7 • • 
8 • • 
9 • • 

Table 5.1: Overview of experiment configurations. 

Experiment structure 

The parameter settings described above result in 216 exclusive simulation experiments 
(3 · 3 · 6 · 4 = 216). Fora better overview, the various experiment settings are divided 
into 9 configurations based on the number of piekers and utilization settings. Each 
configuration consistsof 24 experiments (6 settings of c~ combined with 4 settings of 
c~). A schematic representation of the configurations is provided in Table 5.1. 

Simulation run length 

The relative precision criterion J is used as the termination criterion for the simulation 
experiments. With respect to the accuracy of simulation results, a 95% confidence in
terval smaller than 10% of the mean value is considered sufficient. 

With simulation run length, the time period covered by one simulation repHeation 
is meant. Preliminary tests have shown that a simwation run length of 20 days (that 
is 20 schedules) leads to acceptable convergence times for the simulation experiments. 
More information with respect to simulation run length can he found in Appendix K, 
Section K.3. 

The next section presents the results from the simulation experiments. 

5.3 Results 

The results from the simwation experiments are presented in this section. The 9 dif
ferent experiment configurations, each consisting of 24 different settings have been 
performed for the 10 algorithms from Table 4.1 resulting in 2160 observations of T. In 
order to simplify the analysis of the results, a selection of the 10 algorithms is made 
first, since a number of algorithms show practically similar performance. As the idea 
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behind the experiments was not to find the best algorithm for every situation, but to 
investigate the performance of rather simple algorithms compared to more complex 
ones, an eXhaustive comparison between algorithms with only very small dilierences 
in performance is not interesting. 

The results of the two algorithms that remain after selection, EDD I - I LPT and 
MDD I APP I LPT, are examined in more detail. Notice that the algorithm combi
nation with Modified Due Date for global truckload scheduling, Approximation for 
local piek run scheduling and Largest Process Time for the piek run scheduling dur
ing the final schedule construction is denoted as MDD I APP I LPT. The influence 
of the parameters of interest discussed in Section 5.2 on the tardiness resulting from 
both algorithms is presented. In the last part of this section, the two final schedule 
construction algorithms (LPT and WB) are compared. 

Algorithm selection 

In the simulation experiments, 10 algorithms have been applied, but the simulation 
results show that a number of algorithms perform almost similar. In order to clarify 
simulation outcome, only a selection of the algorithms is discussed in more detail. 

First, a distinction between the algorithms is made, basedon the final scheduling con
struction algorithm. As the truckload scheduling procedure is independent of the al
gorithm used to construct the final schedule, the influence of the parameters of interest 
on the performance of truckload scheduling algorithms is also expected to be indepen
dent of the final schedule construction algorithm. For that reason, only algorithms 
applying LPT for the construction of the final schedule are considered here. A compar
ison between LPT and WB is made in the last part of this section. 

The number of algorithms can be restricted even further by examining the differences 
between two truckload scheduling approaches, Modified Due Date and Wilkerson and 
Irwin. In Figure 5.3, two scatter plots are shown featuring the absolute (a) and relative 
(b) difference in T between MDD I APP I LPT and WI I APP I LPT. The horizontal 
axis represents the 9 configurations (of 24 different experiments). Obviously, the diller
ences are minima!, the maximal absolute difference equals approximately 4 seconds. 
The maximum relative difference is 0.3 %. It can be concluded that the greater part 
of all instances examined yield exact similar schedules for the two algorithms. In
terchanging the local piek run scheduling algorithm APP by LPT and comparing the 
performance of the resulting combinations (MDD I LPT I LPT and WI I LPT I LPT) 
yields practically the same results as shown in Figure 5.3 and therefore, only MDD is 
considered for global truckload scheduling in the remainder of this section. 

Only three algorithms are left at this moment, EDD I- I LPT, MDD I APP I LPT 
and MDD I LPT I LPT. Evaluation of the differences concerning piek run sched
uling approach during the sequencing of the truckloads leads to abolishment of the 
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MDD I LPT I LPT algorithm, because its performance is not significantly better than 
that of MDD I APP I LPT, as can be seen in Figure 5.4. Although the differences are 
larger than in Figure 5.3, an occasional deviation of 4% is not enough to justify a dis
tinetion between the two algorithms. 

Notice that the increase in difference for increasing configuration numbers is most 
probably caused by the larger number of order piekers. Larger teams result in a smaller 
number of piek runs per pieker for a truckload. Therefore, the difference between the 
approximation algorithm APP and LPT becomes larger. Furthermore, the overall per
formance is almost equal, as MDD I APP I LPT is sametimes better and sametimes 
worse than MDD I LPT I LPT. The simplest of the two algorithms, MDD I APP I LPT 
is chosen for the detailed comparison with EDD I - I LPT. 

Comparing EDD I -I LPT with MDD I APP I LPT 

In this paragraph, the simplest algorithm (EDD I- I LPT, denoted EDD here) is com
pared with MDD I APP I LPT (MDD). The comparison is carried out for all simulation 
experiments. Reeall that the 9 configurations from Table 5.1 consist of 24 experiments 
with varying c~ and c~. Three performance measures are applied: 

1. T, the mean tardiness corresponding to the EDD algorithm, 

2. Ll T, the absolute decrease in T using MDD instead of EDD, 

3. Ll T%, the relative decreaseinT using MDD instead of EDD. 

Furthermore, these measures are computed for three different situations within one 
configuration: the average of the 24 observations (avg), the maximum tardiness (max) 
and the reference tardiness denoted by (re f). The reference tardiness is based on the 
observation with c~ = 10° and c~ = 10- 1 which is. considered as reference, since these 
settings are assumed to provide a reasonable representation of actual situations. In 
Table 5.2, the experiment outcome is expressed in the measures defined. 

A number of interesting characteristics with respect to the contiguration parameters 
utilization and number of pickers, can be deduced from the results in Table 5.2: 

• The mean tardiness T is proportional to utilization for both the average and the 
reference situation. 

• The mean tardiness decreases for larger numbers of piekers m. A possible expla
nation could be that the number of truckloads is proportional to m, and a tardy 
trucklaad has larger impact on mean tardiness when the number of truckloads is 
small. 
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Tavg l:..Tavg l:..Tavg% Tmax l:..Tmax l:..Tmax% Tref l:..Tref l:..Tref% 

no [s) [s] [-) [s] [s] [-] [s] [s] [-] 

1 
2 
3 
4 
5 
6 
7 
8 
9 

1134 148.5 13.1 2773 975.6 35.2 1063 121.5 11.4 
1357 189.3 13.9 3515 1268 36.1 1267 154.5 12.2 
1635 249.1 15.2 3653 1416 38.7 1465 183.6 12.5 
862.7 154.9 18.0 2202 990.7 45.0 677.0 101.6 15.0 
1047 188.2 18.0 2510 1120 44.6 810.2 133.1 16.4 
1335 259.6 19.5 3030 1404 46.3 1273 235.2 18.5 
618.5 122.8 19.9 1833 881.2 48.1 416.6 74.5 17.9 
767.9 164.3 21.4 2077 1052 50.6 614.7 118.1 19.2 
1069 230.5 21.6 2122 1109 52.2 896.7 182.4 20.3 

Table 5.2: Simulation results for EDD I - I LPT and MDD I APP I LPT. 

• In contrast to the number of pickers, utilization has only small influence on rela
tive improvements (almost constant percentage). However, the absolute tardi
ness improvements are almost constant with respect to m, where they are pro
portional to utilization. 

• Although large improvements in maximum mean tardiness Ll T max can be achieved 
by applying MDD, the relative impravement for the reference situation is limited 
to approximately 20% for configuration 9. 

The effects of due date interval and workload variability are discussed with respect to 
configuration 6, which corresponds to u = 1.0 and m = 10. Other configurations dis
play the same behavior, the only differences are in magnitude. Figure 5.5 depiets the 
mean tardiness for both EDD (red) and MDD (green). The mean tardiness is mainly 
depending on the variability of the due date interval; a chaotic due date distribution 
results in large T. The influence of the workload variability is somewhat strange at 
first sight, for low values of CJ, the mean tardiness increases for both EDD and MDD 
with increasing c~. For high variabie due date intervals however, T decreases with 
increasing c~ if Modified Due Date is applied. This unexpected behavior is explained 
below by means of an example. 

In Figure 5.8, the influence of c~ on total (or mean) tardiness is illustrated with the 
help of an example with four jobs and low variabie due date intervals. In graph (a), 
the situation with CJ = c~ = 0 is shown. Due to the absence of workload variability, 
the MDD-sequence is equal to EDD and there are no tardy jobs. Graph (b) shows the 
situation with high variabie workloads, notice the longer process time of job 1 and the 
relatively short jobs 2, 3 and 4. If these jobs are put into EDD-sequence, the total tardi
ness equals 6. By applying the MDD algorithm (graph (c)), job 2 and 3 are put in front 
of job 1, reducing the total tardiness to 5.5. Notice that the total tardiness increases in 
both situations, however, the increase is smaller if MDD is applied. 
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10' 

Figure 5.5: Mean tardiness T versus due date interval and workload variahilities for 
u = 1.0 and m = 10. 
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Figure 5.6: Absolute tardiness improvement .1 T by application of MDD insteadof EDD 
versus due date interval and workload variahilities for u= 1.0 and m = 10. 
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Figure 5.7: Relative tardiness improvement .1T% by application of MDD insteadof 
EDD versus due date interval and workload variahilities for u= 1.0 and m = 10. 
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Figure 5.8: mustration of the influence of c~ on total tardiness for constant due date 
intervals. 
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(c) Low c~, high c~, TMDD = T1 + T2 + T3 + T4 = 7 + 0 + 0 + 0 = 7. 

Figure 5.9: mustration of the influence of c~ on total tardiness for high variabie due 
date intervals. 
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Figure 5.9 shows an example similar to Figure 5.8 but in this example c~ is high, the due 
date intervals are highly variable. Graph (a) depiets the schedule with c~ = 0, which 
implies constant workloads. Again, the MDD algorithm produces the same sequence 
as EDD and the total tardiness equals 10.5. Consiclering a large value for c~, EDD 
produces the sequence shown in graph (b), total tardiness increases to 16.5. However, 
by applying the MDD algorithm (graph (c)), total tardiness reduces to only 7, which 
illustrates that total tardiness can decrease for increasing c~ if the MDD algorithm is 
used. As situations similar to the one in this example are assumed to occur more than 
occasionally, the 'strange' behavior depicted in Figure 5.5 can be explained. 

Figure 5.6 shows the absolute impravement accomplished by the MDD algorithm. At 
fust sight, this figure suggests that tardiness improvements increase proportional to 
both coefficients, but Figure 5.7 disposes this suggestion. In Figure 5.7, the relative im
provement is shown and it is clearly depending on c~, while it remains almost constant 
if c~ is varied. This canbe explained using an important characteristie of EDD: for con
stant workloads (process times), EDD-sequence is guaranteed optimal (Section H.2). 
For c~ = 0, EDD results in the optimal schedule. With increasing workload varia
bility, the optimization possibilities for more complex algorithms also increase, which 
explains the improvements achieved for higher c~. 

In the next paragraph, the results with respect to the two piek run algorithms used 
for final schedule construction are addressed. 

Final schedule construction 

This paragraph addresses the simulation outcome with respect to the piek run schedul
ing algorithms used for final schedule construction (LPT and WB). Although Table 4.1 
contains 5 different trucklead scheduling algorithms that are combined with both ap
proaches, only one trucklead scheduling algorithm, Modified Due Date with Approxi
mation piek run scheduling, is considered here. The reason for this is that other algo
rithms only differ in trucklead sequencing procedure and since final schedule con
struction starts after the trucklead sequencing procedure has ended, these differences 
are not interesting in this context. 

In Figure 5.10, a scatter plot similar to Figure 5.4 is drawn, with the absolute and rela
tive difference inf. The relatively high improvements for configurations with u = 1.0 
(configuration 3,6 and 9) immediately attract attention. The relatively better perfor
mance of workload balancing can be explained by consiclering that WB always results 
in a smaller or at least equal completion time of a truckload. For this reason, tardiness 
is decreased also, but these benefits are only possible if the trucklead is actually tardy, 
otherwise a smaller completion time has no positive effects at all. As the chance on 
tardy truckleads increases with utilization, the chance on improvements by application 
of workload balancing increases as well. With respect to the relative improvement, no 
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Figure 5.10: Scatter plot of the absolute and relative difference in T between 
MDD I . APP I LPT and MDD I APP I WB. 
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Figure 5.11: .Mean tardiness T versus due date interval and workload variahilities for 
u = 1.0 and m = 10. 
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real charaderistics can be distinguished, except for a small number of relatively large 
peaks. These peaks are most likely caused by very small values for the mean tardiness 
(leading to relatively large improvements). 

From Figure 5.10(a) it can be observed that experiments from the same configuration 
yield almost similar absolute improvements, which implies independenee of variabil
ity in both workload and due date interval. To illustrate this implication, Figure 5.11 
contains a mean tardiness graph for both algorithms based on configuration 6 and it is 
obvious that the distance between the graphs of both algorithms is virtually constant. 
Consiclering overall performance, application of workload balancing results in an im
provement of mean tardiness by 4.0% (36.5 seconds). The following section presents 
the conclusions that can be drawn from the simulation experiments. 

5.4 Conclusions 

After presenting simulation results, the conclusions are addressed in this section. First, 
conclusions regarding the influence of the parameters of interest on mean tardiness are 
dealt with, foliowed by conclusions with respect to improving truckload sequencing 
and final schedule construction. This chapter ends with a discussion in which the theo
retica! improvements resulting from more complex algorithms are put in perspective 
with the practical use of these algorithms. 

Tardiness EDD I -I LPT 

The following conclusions can be drawn with respect to the mean tardiness per truck
load using the simplest algorithm, EDD I - I LPf: 

• Mean tardiness increases with increasing utilization. 

• Mean tardiness reduces with increasing number of piekers (at fixed utilization, 
i.e. the number of truckloads increases proportional to the number of pickers); 
this effect is probably caused by the decreasing impact of one tardy truckload on 
a larger number of truckloads. 

• Variability in the workload associated with a truckload has got relatively little 
influence on mean tardiness. 

• The distribution of due dates has got a large influence on mean tardiness, in
creasing due date interval variability can result in large increases in mean tardi
ness. 

• The mean tardiness for the reference situation with m = 10, u = 1.0, c~ = w- 1 

and c~ = 10° is 1273 seconds (22.1 minutes) if the EDD I- I LPfscheduling algo
rithm is applied. This value is used as a reference to quantify the improvements 
obtained by other scheduling algorithms. 
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Improvements truckload sequencing 

With respect to the truckload sequencing algorithms considered, the following conclu
sions can be drawn: 

• The performances of truckload sequencing algorithms Modified Due Date and 
Wilkerson and Irwin are not significantly different for the configurations ob
served in the sirnulation experiments. The small deviations between the algo
rithms are mainly basedon coincidence. Therefore, the simplest algorithrn (MDD) 
is recornrnended. 

• Piek run scheduling approaches APP and LPT used by the sequencing algorithms 
to obtain truckload completion tirnes very often result in the same truckload se
quence. Therefore, the overall tardiness differences can be neglected. Although 
LPT offers the most reliable completion times, APP is recornrnended for its sirn
plicity. 

• The relative decreasein mean tardiness by applying MDD I APP I LPT (de
noted MDD) instead of EDD is almost independent from the utilization. The irn
provement percentage shows a minimal increase for increasing utilization (see 
Table 5.2). 

• The relative decrease in mean tardiness by applying MDD is proportional to the 
nurnber of pickers. This is probably caused by the increasing number of truck
loads that must be scheduled, which offers more opportunities for optirnization. 

• The distribution of the due dates, expressed by c~, has got only little influence on 
the irnprovements obtained by MDD, both absolute and relative (see Figures 5.6 
and 5.7). 

• Variability in the workload of a truckload offers opportunities for MDD to irn
prove the mean tardiness. For low .variability, MDD cannot irnprove the EDD
sequence at all, while high variabie workloads lead to large irnprovements. 

• For the reference situation, that is u = 1.0, m = 10, c~ = 10-1 and c~ = 10°, 
MDD leads toa decrease in mean tardiness equal to 235.2 seconds. This is a 
· relative irnprovement of 18.5%. 

lmprovements schedule construction 

After the truckload sequence is deterrnined, the final schedule is constructed using 
two piek run scheduling algorithms: Largest Process Tnne and Workload Balancing. 
The performance of the piek run algorithms is independent of the applied truckload 
sequericing. Apart from some exceptional situations, the irnprovements achieved by 
using WB instead of LPT are constant and equal 4.0% on average. Notice that WB 
always perforrns better than LPT. 
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Figure 5.12: Histogramsof trucklaad tardiness for reference sirnation for (a) EDD I
I LPT and (b) MDD I APP I LPT. 

Discussion 

The practical use of other algorithms than the most simple one, EDD I - I LPT can be 
questioned for various reasons. The most important reason is that the improvements 
obtained by applying relatively complex algorithms can be relatively small depending 
on the parameter settings. For the reference sirnation with c~ = 10-1 and c~ = 10°, the 
decrease in mean tardiness is 235.2 seconds on average, which is 18.5% of the acrnal 
tardiness. Although this is a reasonable improvement, notice that the impravement 
reduces to only 61.6 seconds (5.1%) if c~ = 10-2 is examined insteadof 10-1. The 
largest impravement consiclering all simulation experimentsis 1404 seconds, which 
is considerably more than 235.2 seconds. However, the workload and due date inter
val variability corresponding to this sirnation are not representative for most practical 
warehouse sirnations. 

Furthermore, it should be noticed that EDD has been proven to minimize the largest 
due date vialation Uac55]. Other sequencirig algorithms reduce mean (or total) tardi
ness by pushing early truckloads with high workloads forward (inducing tardiness) 
in order to create space in the schedule for "later" truckloads. In fact, this is similar 
to interchanging a number of truckloads with little tardiness by one that has a rela
tively large tardiness. This charaderistic is illustrated by Figure 5.12 which shows the 
histograms of the tardiness of truckloads for the reference sirnation as measured in the 
simulation experiments. EDD (shown in Figure 5.12(a)) leads to more tardy truckloads 
than MDD, but the maximum tardiness is restricted to 9000 seconds, while MDD re
sults in a maximum tardiness of approximately 20000 seconds. 

The left graph represents EDD I - I LPT, the right graph MDD I APP I LPT. Ob
viously, the maximum tardiness for EDD is around 9000 seconds, while it is 23000 
seconds (6.4 hours!) for MDD. EDD results in more truckloads with a relatively small 
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tardiness than MDD. One can imagine that for warehouses, 5 truckloads with a tar
diness of only 5 rninutes cause fewer problerns than one truckload that is 20 rninutes 
too late. Seen from this perspective, application of other algorithrns than EDD would 
not be recommended at all, especially if the small improvements with respect to total 
tardiness are taken into account. 

A final consideration to question the use of complex algorithrns is that the results 
obtained in this analysis are based on a number of assumptions and the validity in 
practice can be questioned. For example, the 4.0% impravement of WB with respect 
to LPT is only valid in case of 100% reliable piek run process time information. If the 
actual piek run times deviate from the calculated ones used during scheduling (which 
is in fact unavoidable as order picking involves human labor), it is not useful to base 
decisions on a fixed process time analysis. Since actual process times are (highly) vari
able, the influence of process time variability on the performance of the scheduling 
algorithrns is discussed in Chapter 6. 



Chapter 6 

Scheduling - Variabie Process Time 
Analysis 

After the discussion of the fixed process time analysis of the single machine schedul
ing algorithms in Chapter 5, the influence of process time variability on scheduling 
performance is investigated in this chapter. The fust sectien introduces process time 
variability and mentions the problems that can be caused by process time variability. 
The possibilities with respect to taking the variability effects into account by apply
ing realtime scheduling, which is also called dynamic scheduling, are addressed in 
Sectien 6.2. The simuiatien plan regarding process time variability experiments is dis
cussed in Sectien 6.3, the results are presented in Sectien 6.4. Finally, Sectien 6.5 dis
cusses the conclusions that can be drawn from the simuiatien experiments performed. 

6.1 Introduetion to process time variability 

What is process time variability? In order to understand the definition and the conse
quences of process time variability, it is necessary to understand variability in generaL 
A formal definition of variability is the quality of non-uniformity of a set of entities 
(observations). With non-uniformity, the relative deviations between the observations 
are meant. The variability of a set of observations can be characterized by the mean 
and the varianee (or standard deviation) of this class as is discussed extensively in Ap
pendix L. 

With process time variability, the variability in a number of process time observations 
fora certain operatien is meant. If the time required to perferm this operatien is always 
the same, there is no variability in the process time; the process time of this eperation 
is constant. However, process times are often non-constant since the time to perferm 
an eperation can be influenced by many different causes. With respect to order pick
ing, the time to perferm a single piek run can be influenced by human and non-human 
factors. One can imagine that the human aspect in order picking can cause process 
time variability since order piekers arenotmachines that can perferm an eperation 
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repeatedly within the same time. Human activities in order picking such as walking, 
searching, extracting and paperwork are very sensitive to variability. Breakdown of 
equipment orcongestion in the piek aisles can be considered examples of non-human 
causes of variability. 

Process time variability can cause problems with respect to scheduling. Due date vio
lation is minimized by optimizing the order picking schedule using scheduling algo
rithms. However, a basic problem of scheduling algorithms is that they require specific 
process time information about the jobs that must be scheduled. Of course, the sched
uling of jobs must take place before they are executed, but the actual process times 
cannot be known exactly beforehand. Actual process times can be approximated by 
using average process times for each operation. 

Besides static scheduling algorithms like the ones described inSection 4.4, it is also 
possible to apply dynamic scheduling methods which can be used for minimizing the 
effects of process time variability. The next section discusses the definition of dynamic 
scheduling and examines if it is possible to apply dynamic scheduling with respect to 
global truckload scheduling or local piek run scheduling. 

6.2 · Dynamic scheduling 

In this section, the opportunities with respect to minimizing variability effects on sched
uling performance by applying dynamic scheduling algorithms are discussed. The 
definition of dynamic scheduling is discussed fust, foliowed by possible applications 
of dynamic scheduling in the global truckload or local piek run scheduling procedure. 

Definition dynamic scheduling 

Scheduling methods can be classified as either static or dynamic, depending on when 
the task assignment decisions are made [HamOO]. Static scheduling takes place before 
the start of the schedule; jobs are assigned to processors in advance. This approach 
rèquires that all scheduling information is known beforehand. Dynamic scheduling 
assigns jobs to processors at runtime when a large amount of useful information about 
the current status is known. By applying dynamic scheduling, deviations caused by 
process time variability can betaken into account and the schedule can be updated 
basedon the current situation. Static scheduling is not able to compensate for varia
bility effects and therefore, differences between the predefined schedule and the actual 
execution jobs arise. Towhat extent is it possible to schedule jobsbasedon process time 
expectations? Are static scheduling methods useful in case of process time variability 
ot should dynamiè methods be required? Before these questions can be answered, it 
is usefulto examine if it is possible to use dynamic scheduling at all. In the next para
graph, the possibilities with respect to dynamic truckload scheduling are examined. 
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Dynamic truckload scheduling 

The ability to perform dynamic scheduling with one of the truckload scheduling algo
rithms is discussed here: 

• Earliest Due Date (EDD) 
Earllest Due Date is not really a scheduling method, it is a sequencing method 
which puts jobs in sequence of earllest due date (Section H.2). The sequence 
generated by EDD is only depending on the due dates of the truckload. Since 
these due dates are not influenced by process time variability, the EDD sequence 
doesnotchange and dynamic scheduling is neither necessary nor possible. 

• Modified Due Date (MDD) 
Modified Due Date (Section H.3) is a scheduling algorithm that only schedules 
jobs in the forward direction. The next job in sequence is partly basedon the 
completion time of the current job. In case of a single machine problem, the MDD 
algorithm could be executed after the current job is completed, taking variability 
into account. However, the order picking scheduling problem consists of multi
ple piekers that do not finish at the same time, so it is not possible to know all 
completion times exactly before the last pieker is finished. Perhaps it is possible 
to approximate the completion times by adding the estimated process time to the 
situation at the time the first pieker finishes. In this way, process time variability 
can be taken into account until the time the fust pieker is finished. 

• Wilkerson and lrwin (WI) 
The Wilkerson and Irwin scheduling algorithm is described inSection H.4. It can
not be used for dynamic scheduling at all. The reason is for this quite simple: WI 
schedules jobs in two directions, forward and backward. This means that given 
a certain subschedule (equivalent to the current situation), jobscan be inserted at 
earller positions which is of course not possible in a dynamic situation. 

Only MDD could be adopted for dynamic truckload scheduling, but even if this is 
done, it still has some restrietions because completion times still have to be estimated. 
Furthermore, the use of applying dynamic truckload scheduling should also be ques
tioned, as it is expected that variability in the process times does not influence the 
truckload scheduling problem as is illustrated in Figure 6.1. 

Two different partial schedules are shown in Figure 6.1. Piek runs from the current 
truckload are depicted in green, piek runs for the next truckload in blue. In both sit
uations, the average completion time ofthe current truckload is at time 100, but the 
maximum completion times are very different because the process times of the piek 
runs are subject to variability. However, it shows that the actual process time varia
billty is not very important with respect to the next truckload as this is completed 
around time 200 in both situations. The variability in the workload of a truckload (that 
is the sum of all process times) is expected to be more important, but it is shown in 
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Figure 6.1: mustration of the independenee of maximum completion time of the cur
renttruckload with respect to the next truckload. 

Appendix M that the variability in the workload is only fractional compared to the 
process time variability. 

Dynamic piek run scheduling 

Although dynamic truckload scheduling seems neither necessary nor possible, per
haps dynamic piek run scheduling can be advantageous? Notice that the objective of 
the local piek run scheduling procedure is to minimize the completion time of a truck
load; which is equivalènt to minimizing the completion time of the last piek run for a 
truckload. Three algorithms for solving this so-called PIICmax problem have been dis
cussed inSection 4.4. However, since dynamic truckload scheduling is not considered 
in this research, the approximation algorithm APP is not considered since this is only 
applieable during truckload scheduling. The opportunities regarding dynamic sched
uling offered by the other two algorithms that arealso used in the final scheduling 
procedure are discussed below: 

• Largest Process Time (LPT) 
Largest Process Time is a scheduling algorithm discussed inSection 1.2. LPT sorts 
jobs in deseending process time and assigns them in this order to the processor 
(pieker) with the lowest current workload. It is a very simple algorithm which 
can be used for dynamic scheduling, since it only requires the time at which a 
processor actually becomes idle. At the moment the processor finishes its cur
rent job, thejob with the largest (estimated) process time can be assigned to this 
processor. 

The assignment of jobs to processors can be done in advance (statie) or during 
runtime (dynamic). Figure 6.2 illustrates the advantage of assigning the jobs dy
namically. In graph (a), a static LPT schedule is shown. Notice this schedule 
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Figure 6.2: Illustration of the advantage of dynarnic LPT scheduling compared to static 
LPT scheduling. Graph (a) shows static LPT schedule without process time variabil
ity, graph (b) shows a possible schedule if variability is obtained, the dynarnic LPT
schedule is depicted in graph (c). 

is constructed using process time estimates; jobs are numbered according to as
cending process times. Without process time variability, the maximum comple
tion time of this schedule is 120. Graph (b) shows the situation with process time 
variability, the sequence of the jobs is equal to the static schedule, but the ac
tual process times are different from the estimated ones used in graph (a). Due 
to the process time variability, the static process sequence results in a maximum 
completion time of 150, which is considerably worse than the estimated com
pletion time of 120. In graph (c), the schedule resulting for the dynarnic LPT 
equivalent is shown. The maximum completion time is now 125. The better per
formance of dynarnic LPT results from the ability to take process time variability 
into account. At time 0, processors start with the largest jobs, numbered 1 to 4. 
However, it seems that job 2 is finished fust and therefore the largest remaining 
job, job 5, is assigned to processor 2 insteadof processor 4. Equivalently, job 6 
is now assigned to processor 1 and this procedure continues until the last job is 
completed on time 125. · 

• Workload Balancing (WB) 
The Workload Balancing algorithm (Section 1.5) is far more complex than LPT. 
Although the performance is better than LPT if process time variability is not 
considered (Section 5.3), the use of static Workload Balancing in a situation with 
process time variability can be questioned. Dynarnic application of WB is not 
possible, since WB requires the times at which the processors become available 
for a new truckload (moment when a pieker finishes his last piek run for the 
preceding truckload); in order to schedule piek runs for the current truckload. 
The times at which piekers become available are not known for all piekers until 
the preceding truckload is completed. 
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Dynamic piek run scheduling is possible and useful consiclering the example from 
Figure 6.2. Therefore, the performance of the dynamic LPT algorithm is investigated 
in the simulation experimentstagether with the other, static algorithms. The imple
mentation of the effects of process time variability in the simulation model is discussed 
in Appendix K, Section K.2. The next section discusses the setup of the process time 
variability simulation experiments. 

6.3 Simulation experiments 

The influence of process time variability is investigated by performing a number of 
simulation experiments. In this section, the setup of the simulation experimentsis dis
cussed. First, the parameters of interest are addressed including the parameter settings 
that have been considered in the experiments. The second part of this section discusses 
the algorithms considered. 

Parameters of interest 

Except for the utilization, all parameters from the fixed process time analysis (Chapter 5), 
plus of course the squared coefficient of variation for piek run process times c~, are 
used again in a full-factorial experiment setup. Utilization is not considered in this 
setup to reduce .the number of experiments, the influence of utilization on the effects of 
process time variability is investigatedby means of 6 separate simwation experiments. 
Both setup and outcome of these experiments are discussed inSection 6.4 because it 
fits better in that context. The parameter ranges are discussed for each parameter sep
arately. 

Number of piekers 

Equivalent to the analysis in Chapter 5, three different team sizes are considered in the 
simulation experiments: m = 5, 10 and 20. The number of piekersmis chosen as a 
parameter because it is expected that the influence of process time variability on mean 
tardiness is depending on m. The number of piek runs per pieker for one trucklaad 
reduces if m increases and it is expected that the negative effects of process time varia
bility are larger if the number of piek runs per pieker becomes smaller. In Section M.3, 
it is proven that the squared coefficient of variation of the sum of a number of random 
piek run process times decreases for increasing number of piek runs. In other words, 
the more piek runs a pieker perfarms for one truckload, the more room there is for 
buffering variability effects. 

Squared coefficient of varlation of workload 

Variability in the workload associated with a trucklaad is again considered, but only 
for four parameter values, c~ = 10.:._ 2, 10.:._ 1, 0.5 · 10° and 10°. The low variabie config-
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urations with c~ = 10-3 and 10-4 are not considered anymore as these result in only 
very small performance dilierences between EDD and MDD. 

Squared coefficient of varlation of due date interval 

The settings of c~ applied in the fixed process time analysis are used again here. The 
four considered parameter settings are: c~ = 10-2,10-1,10° and 101. With respect to 
process time variability, it is expected that the influence of process time variability on 
the absolute mean tardiness increasing with increasing c~, since the chance on tardy 
truckloads becomes larger. 

Squared coefficient of varlation of piek run process times 

The squared coefficient of variation of piek run process times, denoted c~, is the most 
important parameter with respect to process time variability. Therefore, simulations 
have been performed using 8 different parameter values (c~ = 0, 0.0675, 0.125, 0.25, 
0.5, 1, 2 and 4). If c~ = 0, there is no process time variability, all actual_process times 
equal their estimates. The smallest variability level investigated is c~ = 0.0675; lower 
variability is not interesting since this is already near constant. Additionally, the upper 
limit for c~ is set to 4.0 which is highly variable. It is assumed that piek runs experience 
a process time variability between these two extremesin practice. It is expected that 
mean tardiness is proportional to c~ and that the dynamic LPT algorithm outperfarms 
static LPT and WB for all c~ settings. 

Simulation plan 

The simulation plan describes the setup of the simulation experiments and is discussed 
in this paragraph. It is divided into the structure of the experiments and the termina
tion criterion. 

Experiment structure 

Originally there were 10 different static scheduling algorithms as listed in Table 4.1. By 
adding the dynamic LPT piek run scheduling procedure, 15 different algorithm com
binations can be distinguished. However, not all algorithms are interesting for a thor
ough treatment. It was shown in Section 5.3 that the Wilkerson and Irwin algorithm 
produces equal or almost the same truckload sequences as Modified Due Date, regard
less of which piek run algorithm is applied. Therefore, only Modified Due Date com
bined with the approximation algorithm APP is interesting, together with of course 
the basic truckload scheduling algorithm, Earliest Due Date. 

By combining these two algorithms with the three final schedule construction algo
rithms LPT, WB and dLPT, only 6 algorithm combinations remain. These 6 combina
tions are listed in Table 6.1. 
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Global truckload 
scheduling 

1 EDD 
2 EDD 
3 EDD 
4 MDD 
5 MDD 
6 MDD 
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Local piek run 
scheduling 

APP 
APP 
APP 

Final schedule 
construction 
LPT 
WB 
dLPT 
LPT 
WB 
dLPT 

Table 6.1: Algorithm combinations considered in process time variability analysis. 

For each parameter setting, the mean tardiness resulting from these 6 algorithm com
binations is examined. Using the parameter settings discussed in the previous para
graph, a total of 384 simulation experiments results (3 settings of m, 4 settings of c~ 
and c~ and 8 settings of c~). As each experiment results in 6 observations for mean 
tardiness, a total of 2304 observations for mean tardiness results. 

Simulation run length 

The relative precision criterion is again used as the termination criterion for the sim
ulation experiments. Simulation results are considered to be converged if the 95% 
confidence interval is smaller than 10% of the mean. The simulation run length is set 
to 20 days, see Appendix K, Section K.3 for more information. The results from the 
simulation experiments are presented in the next section. 

6.4 Results 

In this section, the results from the simulation experiments discussed in Section 6.3 
are presented. First, the interesting algorithm (combinations) are selectedinorder to 
reduce the amount of information presented in this section. In the next part of this 
section, the scheduling performances of Earliest Due Date and Modilied Due Date, 
both combined with dynamic piek run scheduling, are compared. Finally, the benefits 
of dynamic scheduling with respect to tardiness are addressed inthelast paragraph. 
In this paragraph, the impact of utilization is also considered. 

Algorithm selection 

In this paragraph, a selection from the scheduling algorithms depieted in Table 6.1 is 
made. Simulation experiments have been performed for 6 different algorithm com
binations but it will be shown here that the piek run scheduling algorithm Workload 
Balancing is not interesting if process time variability is considered. 
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(a) c~ = 0.25 

(b) c~ = 1.0 

10° 

(c) c~ = 4.0 

Figure 6.3: Mean tardiness resulting from Earliest Due Date for a process time varia
bility of (a) c~ = 0.25, (b) c~ = 1.0 and (c) c~ = 4.0. 
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The mean tardiness resulting from the combinations EDD I - I LPT, EDD I - I WB 
and EDD I - I dLPT is shown in Figure 6.3 for a number of values for c~ and c~, the 
squared coefficients of variation of due date interval and workload. A team size of 10 
piekers is considered, utilization is set to l.O. The mean tardiness for the static piek run 
scheduling algorithms LPT and WB is depieted in blue and red respectively; the results 
for dynamic LPT are green. The three graphs represent a process time variability equal 
to c~ = 0.25 (a), c~ = 1.0 (b) and c~ = 4.0 (c). 

In contrast to Figure 5.11 where WB clearly resulted in lower mean tardiness, the dit
ferences between WB and LPT vanish if process time variability is present. Workload 
Balancing does no longer perform significantly better than LPT. Moreover, LPT out
perfarms WB for certain parameter settings! lt is not possible to point out which of the 
algorithms performs best, the differences between WB and LPT seem to be based on 
coincidences. Obviously, the advantages of WB decrease if the actual process times de
viate from the estimated ones. Therefore, the relatively complex and time consuming 
Workload Balancing algorithm becomes redundant and is no longer considered in this 
context. 

Before the performance of Earllest Due Date is compared to Modified Due Date, please 
notiee the corrupting influence of process time variability on static scheduling algo
rithms. For c~ = 4.0, the mean tardiness for EDD I -I LPT can become almost 12000 
seconds. This means that each truckload is completed more than 3 hours too late on 
averàge if static scheduling is applied. Furthermore, the influence of c~ and c~ on mean 
tardiness completely disappears if process time variability increases, the mean tardi
ness graph in Figure 6.3(c) is almost constant for c~ and c~. Application of dynamic 
scheduling reduces meàn tardiness to a maximum of 4000 seconds and is therefore ob
viously desirable. The exact differences between LPT and dLPT will be discussed later, 
the truckload scheduling algorithms EDD and MDD are compared to each other fust. 

Comparing EDD I -I dLPT with MDD I APP I dLPT 

In this paragraph, the performance of Modified Due Date is compared to Earliest Due 
Date. The comparison is made using dynamic piek run scheduling for both truckload 
algorithms, because it is already shown that dLPT is the best alternative with respect 
to dealing with process time variability. The performance of EDD is compared with 
MDD for a selection of the simulation experiments. This selection consists of 9 experi
ménts with varying numbers of piekers and process time variability and the results are 
shown in Table 6.2. Three different performance measures are used in this table: 

1. T, the mean tardiness corresponding to the EDD algorithm, 

2. .1. T, the absolute decrease in T using MDD instead of EDD, 

3. b.T%, the relative decreaseinT using MDD insteadof EDD. 
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m c2 p Tavg LlTavg LlTavg% Tref LlTref LlTre/lo 

no [pickers] [-] [s] [s] [-] [s] [s] [-] 

1 5 0.25 1858 362.3 19.5 1548 188.5 12.2 
2 5 1.0 2192 352.7 16.1 1870 196.4 10.5 
3 5 4.0 3203 361.7 11.3 2951 75.6 2.6 
4 10 0.25 1629 409.2 25.1 1244 170.9 13.7 
5 10 1.0 2068 400.9 19.4 1728 167.5 9.7 
6 10 4.0 3204 361.7 11.3 2811 81.5 2.9 
7 20 0.25 1446 402.7 27.8 1153 208.5 18.1 
8 20 1.0 1982 364.0 18.4 1723 153.4 8.9 
9 20 4.0 3244 403.8 12.4 3124 160.7 5.1 

Table 6.2: Simulation results for EDD I - I dLPT and MDD I APP I dLPT. 

Furthermore, two different indices are used for the performance measures, avg and 
ref. The index avg denotes the average of the 16 different combinations of c~ and c~ in 
a single experiment. With ref, the reference situation with c~ = 10° and c~ = w-1 is 
meant. The following conclusions can be drawn from Table 6.2: 

• Both average and reference mean tardiness increase if process time variability 
increases. Notice that the influence of c~ on mean tardiness is larger for larger 
numbers of piekers m. 

• Modified Due Date performs always better than Earllest Due Date, although the 
differences are smaller due to process time variability. For u = 1.0 and m = 
10, the difference in mean tardiness between EDD and MDD was 18.5% for the 
reference situation without process time variability {Table 5.2), while it becomes 
only 9.7% if c~ = l.O. 

• The number of piekers has got only a marginal influence on both the absolute 
and relative difference between EDD and MDD. 

The differences in mean tardiness between EDD I - I dLPT and MDD I APP I dLPT 
are illustrated in Figures 6.4, 6.5 and 6.6 for u = 1.0, m = 10 and c~ equal to l.O. The 
mean tardiness is depicted for EDD I - I dLPT (red) and MDD I APP I dLPT (green) 
in Figure 6.4, the absolute and relative differences are shown in Figure 6.5 and 6.6 
respectively. The displayed behavier in these figures is very similar to Figures 5.4, 5.5 
and 5.6 and therefore, a thorough discussion is not necessary since it is already treated 
in Sectien 5.3. The only important differences are in magnitude and are addressed in 
Table 6.2. 
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Figure 6.4: Mean tardiness T versus due date interval and workload variahilities for 
u= l.O, ·m = 10 and c~ = 1.0. 
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Figure 6.5: Absolute tardiness impravement Ll T by application of MDD instead of EDD 
versusdue date interval and workload variahilities for u = 1.0, m = 10 and c~ = l.O. 
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Figure 6.6: Relative tardiness impravement Ll T% by application of MDD instead of 
EDD versus due date interval and workload variahilities for u = 1.0, m = 10 and 
c~ =l.O. 
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Static versus dynamic piek run scheduling 

After presenting the simulation results with respect to the trucklead scheduling algo
rithms EDD and MDD, it is time to take a closer look at the influence of process time 
variability on the performance of piek run scheduling (also denoted as final schedule 
construction in Sectien 4.4) algorithms. As it has already been mentioned that Work
load Balancing need no longer be considered, the only remaining static scheduling al
gorithm is LPT. In this paragraph, the performance of the static LPT algorithm is com
pared to the dynamic dLPT algorithm.The comparison is made using Modified Due 
Date with Approximation (MDD I APP) as the trucklead sequencing algorithm. The 
mean tardiness observations for the reference situation with c~ = 10° and c~ = w-1 

are used to cernpare the performance of both algorithms. Again, a utilization of 1.0 is 
applied. 

Figure 6.7 contains a bar graph of the absolute mean tardiness for a number of process 
time variability settings. The numbers 5, 10 and 20 on the horizontal axis represent 
the corresponding numbers of pickers, the vertical axis represents the absolute mean 
tardiness T. The blue bars represents the original mean tardiness, i.e. the mean tardi
ness when there is no process time variability involved. The additional mean tardiness 
caused by process time variability is depicted in green for dLPT and in red for static 
LPT. 

For c~ = 0, there is of course no additional tardiness because there is no process time 
variability. Initially, the situation with 5 piekers has got the largest mean tardiness but 
as process time variability increases, the mean tardiness for 20 piekers becomes larger 
and larger. This is probably caused by the lower number of piek runs per pieker per 
trucklead for larger nuffiber of pickers, resulting in more variability in the completion 
times of the piekers (see Appendix M, Sectien M.3). The advantage of dynamic piek 
run scheduling for large c~ becomes very clear asthegreen bars are relatively small 
compared to the red ones (statie LPT) for increasing process time variability. However, 
absolute differences are not very interesting for cernparing static and dynamic sched
uling, therefore a bar graph of the relative mean tardiness is shown in Figure 6.8. 

The bar graph in Figure 6.8 again contains the original mean tardiness and the ad
ditional tardiness for LPT and dLPT, the only difference is that mean tardiness is now 
expressed as a percentage. All blue bars equallOO since they represent the original tar
diness. Examinatien of Figure 6.8leads to the observation that process time variability 
has relatively more influence if the number of piekers becomes larger, independent of 
which piek run scheduling algorithm is used. Appendix M provides the theoretica! 
background of this observation. 

Table 6.3 contains the translation of Figures 6.7 and 6.8 into numerical values. Variabie 
T0 represents the original mean tardiness, while .1 T and .1 T% represent the absolute 
and relative additional tardiness respectively. Two interesting features of this table 
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Figure 6.7: Bargraphof absolute mean tardiness for LPT and dLPT using u - 1.0, 
c~ = 10° and c~ = 10-1. 

1600 

1400 

1200 ...... . ... . . . 

T%1ooo 

800 

5 1020 5 1020 5 1020 5 1020 5 1020 5 1020 5 1020 5 1020 

~ = 0 c~ = 0.0625 c~ = 0.125 ~ = 0.25 ~ = 0.5 c~ = 1.0 ~ = 2.0 ~ = 4.0 

Figure 6.8: Bargraphof relative mean tardiness for LPT and dLPT using u - 1.0, 
c~ = 10° and c~ = 10-1
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m c2 p To,LPT f:.TdLPT f:.TdLPT% f:.TLPT t:.TLn% 

no [pickers] [-] [s] [s] [-] [s] [-] 

1 5 0 1242 0 0 0 0 
2 10 0 1020 0 0 0 0 
3 20 0 682.3 0 0 0 0 
4 5 0.0625 1242 58.2 4.7 457.7 36.8 
5 10 0.0625 1020 53.7 5.8 523.2 67.6 
6 20 0.0625 682.3 77.6 11.4 867.5 127.3 
7 5 0.125 1242 55.5 4.5 677.8 54.6 
8 10 0.125 1020 107.5 11.6 894.5 108.0 
9 20 0.125 682.3 139.9 20.5 1354 198.7 
10 5 0.25 1242 117.2 9.4 1024 82.4 
11 10 0.25 1020 152.6 16.5 1354 157.9 
12 20 0.25 682.3 262.3 38.5 2071 303.8 
13 5 0.5 1242 201.4 16.2 1665 134.0 
14 10 0.5 1020 369.1 40.0 2258 256.1 
15 20 0.5 682.3 476.5 69.9 3224 472.9 
16 5 1.0 1242 430.9 34.7 2648 213.1 
17 10 1.0 1020 640.0 69.5 3738 416.8 
18 20 1.0 682.3 887.6 130.2 5043 739.8 
19 5 2.0 1242 749.7 60.3 4173 335.8 
20 10 2.0 1020 1227 133.3 5484 606.6 
21 20 2.0 682.3 . 1462 214.5 7812 1146 
22 5 4.0 1242 1517 122.1 5894 474.4 
23 10 4.0 1020 2043 221.9 8551 939.8 
24 20 4.0 682.3 2282 335.2 11766 1726 

Table 6.3: Numerical results of comparison between LPT and dLPT. 
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will be explicitly stressed here. Firstly, the maximurn additional tardiness caused by 
process time variability equals more than 335% if dynamic scheduling is applied and 
is 1726% in case of static scheduling. Secondly, a reference situation with m = 10 
and c~ = 1.0 is specified (nurnber 17 in Table 6.3) and the additional tardiness equals 
more than 400% for static LPT in this reference situation. If the dynamic LPT algorithm 
would be applied in this situation, the increase in mean tardiness due to process time 
variability is reduces to 69 .5%. 

Impact of utilization on mean tardiness 

Obviously, the presence of process time variability can result in considerable increases 
of the mean tardiness as can be seen in Table 6.3. However, all results in that table 
are based on a utilization of 1.0, which is relatively high in practice. The reason for 
choosing such high utilization in the experiments is that this emphasizes the effects of 
process time variability. In order to investigate the impact of utilization, a nurnber of 
simulation experiments basedon the reference situation with m = 10, c~ = 10° and 
c~ = 10-1 are performed for various setting1> of both process time variability and uti
lization. 

The results of these simulations are shown in Figure 6.9. Graph (a) shows the relative 
mean tardiness as a function of c~ if LPT is used for final schedule construction, graph 
(b) represents dLPT. The mean tardiness is expressed relative to the mean tardiness for 
u = 1.0 and c~ = 0. The various lines in both graphs represent the utilization used; u 
ranges from 0.80 to l.O. The impact of utilization is significant: lower utilization results 
in (much) lower tardiness. Although these results could be expected beforehand, it is 
interesting to magnify the benefits of lower utilization. 

Lower utilization can be achieved by applying a larger nurnber of order piekers while 
keeping the amount of work constant. If we look at the yellow line in Figure 6.9(b), 
which represents u= 0.90, it seems that the mean tardiness in case of a c~ of 1.0 is ap
proximately equal to the reference tardiness, which means that the effects of c~ = 1.0 
can be buffered by lowering the utilization to 0.9. Moreover, the effects of c~ = 2.0 can 
be buffered completely by setting u = 0.8. 

One might think that lowering utilization would bring the performances of LPT and 
dLPT closer toeach other, but the opposite is true. For u = 1.0, the mean tardiness us
ing LPT increased with 416% if c~ became l.O. Lowering the utilization to 0.9 reduces 
this increase to 270%. For dLPT however, the original increase of 69.5% reduces to only 
8.6%. For this reason, it can be concluded that dLPT becomes even more desirabie if 
utilization decreases. 

The last section of this chapter discusses the conclusions with respect to the variabie 
process time analysis. 
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Figure 6.9: Relative mean tardiness for various settings of u using LPT (a) and dLPT 
(b) for m = 10, c~ = 10° and c~ = w-1• 
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6.5 Conclusions 

The last section of this chapter is used to present the conclusions that result from the 
simulation results. The fust part of this section addresses the conclusions with respect 
to the influence of process time variability on mean tardiness, foliowed by the perfor
mance of truckload scheduling algorithms in case of process time variability. Next, 
conclusions with respect to the advantage of dynamic scheduling are addressed and 
this section ends with a discussion about which combination of algorithms is recom
mended. 

Process time variability 

Consiclering the influence of process time variability on mean tardiness, a set of three 
conclusions can be drawn: 

• Independent of the scheduling algorithm applied, process time variability leads 
to an increase .in mean tardiness. Furthermore, this increase is proportional to 
the squared coefficient of variation c~. 

• The influence of due date interval and workload variability, expressed by c~ and 
c~, diminishes with increasing c~. If process times are highly variable, mean 
tardiness is to a large extent determined by process time variability as can be 
seen in Figure 6.3. 

• Both the absolute and the relative increase in mean tardiness caused by process 
time variability are larger for large teams. This emphasizes the assumption that 
small teams have more capacity for buffering process time variability. 

Truckload scheduling algorithms 

The comparison between Earliest Due Date and Modified Due Date is made using the 
dynamic LPT piek run scheduling algorithm for final schedule construction. Analysis 
of the simulation results leads to the following conclusions: 

• MDD outperfarms EDD for all experiments on average. For high process time 
variability (c~ 2:: 1.0) and low c~ and c~, EDD occasionally performs better than 
MDD but this can only be attributed to coincidences caused by highly variabie 
piek run process times. 

• The dilierences between EDD and MDD are proportional to the team size used. 
Larger piek teams result in more truckloads per schedule (larger capacity) and 
therefore the MDD algorithm has more opportunities to outperfarm the simple 
EDD sequence. 
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• The influence of variability in due date interval and the workload on the differ
ences between MDD and EDD concerning mean tardiness is similar to the fixed 
process time situation (c~ = 0). Again, ability of MDD to outperfarm EDD is 
related to the workload variability c~ while c~ has got little or no influence at all 
as can be seen in Figures 6.4, 6.5 and 6.6. 

• The improvements obtained by using MDD instead of EDD become smaller if 
process time variability increases (Table 6.3). 

• For the reference situation, which is specified as c~ = 10°, c~ = w-1, m = 10, 
u = 1.0 and c~ = 1.0, the mean tardiness using EDD equals 1728 seconds and 
applieation of MDD leads to an impravement of 167.5 seconds. This is a decrease 
in mean tardiness of 9.7%. 

Piek run scheduling algorithms 

Three piek run scheduling algorithms for final schedule construction have been exam
ined in the simulation experiments: the static LPT and WB algorithms and the dynamic 
scheduling algorithm dLPT. The most important conclusions that can be distilled from 
the simulation results are: 

• The relatively complex Workload Balancing algorithm becomes redundant in 
case of process time variability because its performance is not significantly better 
than the simple LPT algorithm. 

• Except for c~ = 0, the dynamic piek run scheduling algorithm dLPT significantly 
outperfarms the static LPT algorithm for all simwation experiments, indepen
dent of the value for c~ applied. 

• If c~ = 4.0, the additional tardiness caused by process time variability is at least a 
factor 4 smaller when dLPT is used insteadof LPT; for c~ = 0.0625 the difference 
increases toa factor 10 (Figure 6.8). 

• For the reference situation, the dLPT algorithm results in a tardiness increase of 
69.5% while application of static LPT leads to an increase of 416.8%. 

• Lowering utilization leads to significant reductions in the mean tardiness, espe
cially dLPT benefits from a lower utilization. 

Discussion 

Although the truckload scheduling algorithm MDD performs better than EDD, the dil
ferences become smaller if process time variability increases. The better performance 
displayed by MDD regarding mean tardiness is relatively small and the use can be 
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questioned, especially when the disadvantages of MDD with respect to maximum tar
diness are considered. As already discussed in Section 5.4 and shown in Figure 5.12, 
MDD can result in a small number of truckloads with large tardiness compared to 
EDD. On the other hand, EDD results in a slightly higher mean tardiness. 

The benefits of dynamic LPT piek run scheduling are beyond all dispute, dLPT sim
ply outperfarms LPT whenever there is process time variability involved, especially 
in case of a utilization smaller than l.O. If there is no process time variability, dLPT is 
equal to LPT. Besides these advantages with respect to mean tardiness, dLPT is much 
easier to implement than LPT in practical situations. Where LPT assigns all piek runs 
toa pieker in advance and therefore fixes the schedules completely, dLPT can be real
ized in practice by piling up the piek sheets belonging to piek runs in LPT sequence. 
Every time a pieker finishes a piek run and becomes idle, he can continue his activities 
by starting with the piek run on top of this pile. Notice that the efforts involved with 
the retrieval of a new piek sheet after each piek run are neglected. 



Chapter 7 

Conclusions and recommendations 

The conclusions from this research and the recommendations for future research are 
discussed in this chapter. The objective of this research is to investigate optimization 
of the order picking process with respect to laborand tardiness cost. Various aspectsof 
the order picking process have been examined concerning optimization opportunities 
and the resulting conclusions are presented inSection 7.1. Recommendations for future 
research are provided in Section 7.2. 

7.1 Conclusions 

In order to reduce the operational cost of warehouses, much research has been per
formed with respect to optimization of the processes in warehousing withorder pick
ing in particular. The research discussed in this report focuses on minimizing the cost 
associated with the order picking, taking the ability tomeet the requirements specified 
in the Service Level Agreement (SLA) into account. The only requirement considered 
in this context is that customer orders are processed on time so they can leave the 
warehouse before their maximum departure time (due date). On the other hand, it 
is desirabie to process the customer orders with a minimum number of order piekers 
in order to minimize the labor cost. The objective of this research is to compare the 
performance of various optimization algorithms and to determine if the benefits of 
(relatively) complex methods with respect to simple ones are large enough to compen
sate for the additional complexity and less logica! solutions. Furthermore, investigate 
if there is still room for improvement. 

The twofold optimization problem (minimizing both labor costand due date viala
tion or tardiness) results in a situation where labor costand tardiness must be com
pared, which can be done by assigning a monetary value to tardiness. The resulting 
optimization problem can be solved easily, it is more interesting to investigate if the 
minimum (and thus the shape) of the objective function (containing the laborand tar
diness cost) can be changed. The objective function expresses order picking costas a 
function of the number of pickers. Because the labor cost associated with employees is 
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assumed to be fixed, only the shape of the tardiness cost function can be altered. This 
can be achieved increasing the efficiency in the order picking process and by using an 
appropriate scheduling approach. Physical aspects such as equipment types are not 
considered in this research. 

Piek efficiency 

Increasing piek efficiency is equivalent to minimizing the average time per picked 
item. Since traveling typically accounts for 55 % of total order picking time, reduc
tion of travel distance per piek is interesting. Both the routing and the order clustering 
methad have an impact on the travel distance per piek and thus on the piek efficiency. 

Optimal routing methods have been developed in the past years. However, these are 
hardly applied in practice because of the accurate information required and the com
plex routes that can result. Furthermore, various types of variability can vanish the 
benefits optimal routing methods. Most warehouse managements choose for simple 
heuristic routing methods and research has shown that the differences between com
plex optimal or simple heuristic methods are relatively small in theory; if practical is
sues are also taken into account, the advantage of optimal routing methods completely 
vanishes for many warehouses. Therefore, the routing of a order pieker through the 
storage area does not offer any room for impravement and is not further investigated. 

There is still room for impravement with respect to order clustering, since there are 
no practical applicable optimal order clustering methods known. However, improv
ing order clustering methods is not investigated in this research due to the enormous 
amount of research that is already performed with respect to this topic and the strong 
dependendes on the specific warehouse situation. Instead of improving clustering 
methods, proper application of clustering methods is examined by camparing the 
performance of order clustering methods for various combination window sizes (the 
range of orders that are able to be clustered together). 

Scheduling 

The greater part of this report has been dedicated to the scheduling of the order pick
ing process. The objective of the scheduling problem is to minimize total (or mean) 
tardiness. A two-level scheduling procedure is proposed: a globallevel for truckloads 
where a team of piekers acts as a single machine and a locallevel for assigning the piek 
runs corresponding to one trucklaad to the piekers in the team (pickers operate as par
allel machines at this level). In order to perform the two level scheduling procedure, a 
combination of global and local scheduling algorithms is necessary. The performance 
of various algorithm combinations has been examined for different settings of a num
ber of parameters. These simulation parameters are the number of piekers in a team, 
utilization and the variability in workload, due date interval and piek run process 
times. 
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A total of 600 simulation experiments results in numerous findings and conclusions 
of which the most important with respect to the objective are addressed here. With 
respect to global trucklaad scheduling, Modified Due Date and Wilkerson and Irwin 
have proven to outperfarm the basic EDD algorithm. Since MDD and WI have approx
imately equal performance, MDD is preferred because of its significant lower com
plexity. The very simple EDD algorithm results in a higher total tardiness, but can 
be useful if the maximum tardiness of truckloads is also important. In this context, a 
linear relation between tardiness and the cost associated with tardiness is assumed; if 
a superlinear relationship would be used, it is expected that the differences between 
MDD and EDD become smaller. It is up to the warehouse management if the higher 
tardiness of EDD is reason enough to choose for MDD with its consequences, namely 
a few truckloads with very high tardiness. 

The local piek run scheduling procedure takes place twice in the construction of a 
schedule, fust during trucklaad scheduling and secondly after the trucklaad sequence 
is determined. It can be concluded that detailed piek run scheduling is not necessary 
during trucklaad scheduling, the simple approximation method APP is sufficient. For 
final schedule construction, the complex Workload Balancing algorithm results in the 
lowest tardiness but its performance is strongly dependent on the accuracy of piek 
run process time estimates. In case of process time variability, which is virtually un
avoidable in case of manuallabor, the dynamic dLPT algorithm is without any doubt 
the best alternative. Furthermore, it is the most simple piek run scheduling algorithm 
known except for random assignment of course. Notice that the impact of process time 
variability on tardiness can be huge, but that it is also hard to avoid. A possible im
provement with respect to the effects of process time variability could be lowering the 
utilization by applying more pickers. 

This section ends with two remarks. First1 the two-level scheduling approach has been 
proven to be overdue since local piek run scheduling is not necessary; during truck
laad sequencing, the approximation method APP can be used, while final schedule 
construction can be performed using dLPT, which is virtually nothing more than se
quencing piek runs in process time order. The second remark is with respect to the 
structure of this research: perhaps it would have been better to investigate both global 
trucklaad and local piek run scheduling algorithms independent of each other. This 
would definitely make the investigation and the structure of Chapters 5 and 6 less 
complicated. However, independent investigation disables any kind of interaction 
between both scheduling levels and as it was initially assumed that this interaction 
would play an important role in scheduling performance, investigation of both levels 
has been combined in one analysis. 
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7.2 Recommendations for future research 

After the presentation of the conclusions of this research, recommendations for future 
research are discussed in this section. A number of possible extensions to the research 
presented in this report are: 

• Currently, only one team of piekers is considered. Therefore, the problem of find
ing the optima! number of piekers minirnizing the sum of laborand tardiness cost 
is relatively simple, it is a one variabie deterministic problem. The research can 
be extended to multiple teams with various sizes, resulting in the more complex 
problem of balancing both piekers and truckloads over a number of teams. 

• Congestion (in paths) is not considered in this research. Perhaps an implementa
tion of the examined algorithms in the warehouse simulation m:odels developed 
at the Systems Engineering group can bè useful in order to validate the (theoret
ica!) findingsof this research. It is expected that the law of diminished return is 
valid with respect to the number of pickers. 

• Super- or sublinear relations between tardiness and the cost associated with tar
diness can be considered in order to quantify the influence of this relationship 
on the performance of scheduling algorithms. By changing the relation between 
tardiness and the cost associated, the objective of the optimization problern can 
become completely different. 

• With respect to piek efficiency, the possibilities of applying Stochastic Local Search 
methods to the current deterministic order clustering algorithms can be consid
ered. Perhaps this offers considerable savings with respect to the time per piek 
by finding better combinations of orders. 

• The number of docks required based on a certain order pattem can be investi
gated easily using the existing simulation model. It is possible to determine the 
number of docks in use during the day using a generated schedule and this rnight 
offer opportunities with respect to deterrnining the number of docks of a future 
warehouse. 

Finally, the most important recornmendation with respect to optimization of the order 
picking processis to keep in mind that complex methods are not always favorable 
compared to simple (heuristic) methods as is shown in this research. Especially, in case 
of a dynarnic environment such as a warehouse, where actual piek run process times 
may significantly deviate from the estimated ones, it is recornmended to question the 
practical use of optima! methods in certain situations. 
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Appendix A 

N om enelature 

In this appendix, various definitions and terms used in this report are stated and ex
plained. 

Accumulation A process in the outbound section. Gathering of sorted produels re
trieved from slorage area (order totes) to complement a customer order. 

ASRS Autornaled Storage and Retrieval System, a system of row racks, each row hav
ing a dedieated retrieval unit that moves vertically and horizontally along the 
rack, pieking and putting-away loads. 

Batch picking Piek strategy. Retrieval of multiple customer orders during one piek 
run. 

Checking A process in the outbound section. Verifying if a customer order (that is 
ready to be shipped) is complete and picked accurately. 

Coding A process in the inbound section. The adding of codes to goods for identifica-
tion purposes. 

Completion time The time at which a job or task is finished. 

Customer order A list of products ordered and defined by a customer. 

Due date Maximum completion time of a job or task. 

Doek The sorting or staging platform where shipments are loaded or unloaded. 

Goods Merchandize that is offered for sale. 

Justin time (JIT) strategy The practice of timing inbound material flows so that they 
can arrive just in time before they are required. This results in smaller invento
ries. A JIT system requires close links among forecasting, production, scheduling, 
and purchasing groups as well as suppliers and carriers. 
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Labelling A process in the inbound section. The adding of labels to goods for identi
fica ti on purposes. 

Loading A process in the outbound section. The physical movement of orders be
tween the shipping doek and truck. 

Order clustering Combination of order in clusters (batches) that are retrieved in a sin
gle piek run. 

Order line A line in an order containing the whole and only demand for one single 
product. 

Order pieker A warehouse employee executing piek instructions. 

Order pieking A processin the outbound section. The selective retrieval of the appro
priate amounts of products from a piek (or storage) area to fill specific customer 
orders. 

Order tote A collection of products belonging to (but not necessarily completing) one 
single order. It is the result from the sorting of a piek tote. 

Paeking A process in the outbound section. Protecting orders from damage and other 
accidents and enabling easier handling by adding packing materials. 

Pallet is a bulk storage unit for only one type of a SKU. It allows high density storage 
and minimization of the inventory volume and is the biggest quantity that can 
be ordered and stored. 

Piek area Area where SKUs are stored for easy retrieval by an order pieker. When 
the inventory for SKUs in the piek area becomes low, SKUs are replenished from 
inventory in the reserve area. 

Piek preparation A management activity and requires no physieal action, only the 
planning and scheduling of order pieking. 

Piek instruction Collection of piek lines that form the instruction for a piek run, pos
sibly combined with navigationinformation. 

Piek line Instruction for one piek action containing at least: the SKU type to be re
trieved, its location, and the required quantity. 

Piek path The path an order pieker moves through the facility in order to collect goods 
from the piek instruction. 

Piek run The route an order pieker travels during the execution of a piek instruction 
until reentering at the sorting area. 

Piek tote The total of SKUs pieked by the order pieker in one piek run. 
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Preeroption Preeroption means that a job is allowed to be interrupted and can be re
sumed at any desired moment from the point at which interruption occurred. 

Process time The duration in time it takes toperfarm a job or task with worldoad w by 
a team consisting of m employees. Proces time can be computed with: p = w / m. 

Product identification A process in the inbound section. The identifying of delivered 
products to check and verify if received products fit the order specifications that 
the receiving company has sent to its suppliers. 

Product mix Number of product types on stock. 

Product volume Physieal volume of received products. 

Putaway A process in the inbound section. The last inbound process consists of the 
physieal rnaving of products from the staging areatotheir (temporary) starage 
locations. 

Repacking A processin the inbound section. Changing received carriers and/ or chang
ing the pack key due to starage and/or economical reasons. 

Replenishment A process in the starage section. Breakdown of large pack keys into 
smaller ones to restare empty order piek locations. 

Receiving A processin the inbound section. Receiving concerns the receival of incom
ing goods. 

Receiving area Area where products are unloaded from trucks and prepared for star
age and future order-pieking. 

Reserve area Area where products are stared in the most economical way [RouOO]. 
When the inventory for SKUs in the piek piek area becomes low, SKUs are re
plenished from inventory in the reserve area. 

Routing method Methad used to construct (piek) routes through the warehouse. 

Shipment An order that is ready to be sent to a customer. 

Shipment consolidation A process in the inbound section. Grouping similar SKUs, 
either from split mixed pallets or unpacked pallets, in order to code and label, 
repack, and put-away them together. 

Shipping A process in the outbound section. Transporting shipments to customers. 

SKU a Stock Keeping Unit is the smallest physieal unit of a product that is tracked by 
an organization. 

SKU Allocation A process in the starage section. Assigning SKUs to a specific order, 
batch or starage location. 
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SLA Service Level Agreement. Same form of contract between warehouse manage
ment and customer defining the services that are affered to the customer. 

Sorting A process in the outbound section. Assigning of piek totes to orders resulting 
in order totes. During sorting, breakdown of pack units from piek totes is also 
applied. 

Staging A process in the inbound section. Temporary storage of received products to 
perform all activities that goods are prepared to be put-away into the storage or 
piek area. 

Storage The physical containment of goods in area set aside while it is awaiting a 
demand. 

Tardiness Violation of maximum completion times (due dates). 

Trucklaad Collection of shipments that leave the facility in the same truck. Shipments 
from the same truckload have equal due dates. 

Unification A processin the outbound section. Merging of accumulated products into 
a unit, that enables easier handling during shipment. Examples of unification 
units are pallets and boxes. Unification is often combined with packing and/ or 
wrapping. 

Unity picking Piek strategy. Retrieval of items of only one order per piek run. 

Unloading A process in the inbound section. The physical movement of products 
between the delivery vehicle and the receiving doek. 

Wave picking Piek strategy. Combination of batch and zone picking. 

WMS Warehouse Management System. Software to track and manage warehouse ac
tivities in real-time. 

Workforce The number m of employees in one team. 

Workload The amount of minutes of work required by truck to be unloaded by one 
employee. Workload is defined as w [k · m]. 

Yard control Determines the time that a truck is allowed to use between arriving and 
leaving the doek. 

Zone picking Piek strategy. Retrieval of goods per zone. 
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List of symbols 

B.l Abbrevations 

ACO 
ACS 
ASRS 
APP 
BNB 
cv 
cw 
dLPT 
EDD 
JIT 
LPT 
MDD 
PDF 
RR 
scv 
SKU 
SLA 
SLS 
SMTTP 
TSP 
WB 
WI 
WMS 

ant colony optimization 
ant colony system 
automated storage and retrieval system 
approximation algorithm 
branch and bound 
coefficient of varlation 
Clarke and Wright algorithm 
dynamic LPT algorithm 
earliest due date 
justin time 
largest process time 
modified due date 
probability density function 
Ratliff and Rosenthal algorithm 
squared coefficient of varlation 
stock keeping unit 
service level agreement 
stochastic local search 
single machine total tardiness problem 
traveling salesman problem 
workload balancing algorithm 
Wilkerson and lrwin algorlthm 
warehouse management system 
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B.2 Symbols 

a Tardiness cost sealing factor 
{3 Labor cost sealing factor 
[> Gamma sample sealing factor 
y Sample from gamma distribution 
0" Standard deviation 
0"2 Varianee 

f.l Mean 
T Start time 
a Duration of working day 
c Coefficient of variation 
c2 Squared coefficient of variation (SCV) 
c2 w SCV of worldoad 
c2 SCV of due date interval 
c~ SCV of process time p 
c Completion time 
CT Tardiness cost 
CL Labor cost 
d Duedate 
k Number of truckloads per day 
m Number of piekers (workforce) 
md Modified due date 
p Process time 
r Number of piek runs in trucklaad 
u Utilization 
T Total tardiness 
w Workload associated with trucklaad 



AppendixC 

The Ant Colony Optimization 
Meta-Reuristic 

The Ant Colony Optimization (ACO) meta-heuristic [Dor99] is discussed in this Ap
pendix. First, Section C.l gives an introduetion into the natural background of ACO. 
Section C.2 describes the meta-heuristic itself, while the last section addresses a nurn
ber of possible ACO applications. 

C.l Introduetion 

The Ant Colony Optirnization meta-heuristic is inspired on experirnents perforrned 
with a colony of real ants [Gos89]. This section addresses the mechanism used by real 
ants in order to find the shortest path from the nest to a food souree and vice versa. 
Ants deposit a chernical substance, called pheromone, while traveling on the ground. 
Pheromone is used by the ants for navigation purposes. When ants arrive at a deci
sion point, like an intersection, they make a probabilistic choke biased by the amount 
of pheromone they smell on the possible directions. The direction with the highest 
pheromone concentration is entered with the largest probability, so relatively more 
ants choose this direction. This results in even more pheromone deposition and hence 
a higher probability. 

The capability of ant colonies in finding the shortest path can best be illustrated by 
Figure C.l. Consider Figure C.l(a): ants are moving on a straight line that connects a 
food souree to their nest. Navigation along the trail is performed by the pheromone 
on the straight line. But what happens if the shortest path is interrupted by an obstacle 
as shown in Figure C.l(b)? Ants have to choose toturn right or left at the obstacle, 
and since there is no pheromone deposited in both directions, it can be assurned that 
both directions are chosen with the sarne probability as is depicted in Figure C.l(c). 
Ants traveling over the shorter path will more rapidly reconstitute the interrupted 
pheromone trail compared to those choosing the long path. Therefore, pheromone is 
deposited with a higher intensity on the shorter path, favoring this path in comparison 
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Nest Food Food .. .. -;..• ....... # -:.- ... 

(a) (b) 

Food Food 

(c) (d) 

Figure C.l: (a) Real ants follow a path between nestand food source. (b) An obstacle 
appears on the path: Ants choose wether to turn left or right with equal probability. 
(c) Pheromone is deposited more quickly on the shorter path. (d) All ants have chosen 
the shorter path [Dor97]. 

to the long path. More and more ants choose the shorter path and eventually, all ants 
travelalong the shortest path as is shown in Figure C.l(d). 

Two important properties from the mechanism discussed above can be adopted for 
optimization purposes: 

1. The preferenee for paths with a high pheromone intensity. 

2. The higher rate of growth of the amount of pheromone on shorter trails (good 
solutions). 

Section C.2 deals with the ACO meta-heuristiè based on these properties. 

C.2 The ACO meta-heuristic 

The Ant Colony Optimization is concisely explained in this Section. A more detailed 
treatment can be found in [Dor99]. The ACO meta-heuristic is basedon the properties 
listed above and uses a colony of artificial ants. The main task of the artificial ants in 
ACO is to find a shortest path between a pair of nodes on which the problem repre
sentation is suitably mapped. In the remainder of this Section, the routing problem in 
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Start 
34 

47 

Destination 
78 

Figure C.2: Routing problem with 8 nodes and 11 arcs. 

Figure C.2 is used to illustrate the ACO meta-heuristic. 

The objective of the routing problem in Figure C.2 is to find the shortest path from 
node 1 to node 8. The infrastructure shown can be described by the connected graph 
G = ( N, A) with N nodes and A arcs connecting the nodes. The path length is given 
by the number of nodes in the path. 

The optima! solution can be found by iteratively performing three procedures until 
the termination criterion is met: 

1. Solution generation 

2. Local search 

3. Pheromone update. 

Solution generation 

Each iteration starts with the generation of m feasible solutions, where mis the number 
of ants in the colony. Starting from node 1, each ant performs a step-by-step decision 
policy to build a feasible solution, that is a routetonode 8. At each node, an ant can 
choose from a number of arcs to continue its route. To each are (i, j) of the graph is 
associated a variabie T;j called artificial pheromone trail, pheromone forshort in the 
following. The amount of pheromone is proportional to the utility of using that are to 
build good solutions. 

Besides the amount of pheromone, which indicates how good choosing a specific are 
has been in earlier iterations, the navigation of the ants is improved by using problem
specific heuristic information, denoted by TJij- The value of TJij is an indicator on how 
good a choice seems to be, according to the heuristic applied. The transition probabil
ity that an ant travels from node i to node j is formally given by: 



98 Appendix C. The Ant Colony Optimization Meta-Heuristic 

[.hEN; [T;h ]"'[IJ;h]il 

0 

if jE Ni 

otherwise, 
(C.l) 

where Ni is the set of one-step neighbors of node i and parameters a and {3 can be 
applied to adjust the importance of respectively pheromone or heuristic information. 
After all ants have foliowed the construction process described above and thus con
structed a complete and feasible solution to the problem, a local search can be applied 
in order to improve the solutions generated during the iteration. 

Local search 

The original Ant Colony Optimization meta-heuristic was not equipped with a local 
search procedure, but research has shown that a combination of initial solution gener
ation by the ant colony foliowed by local search seriously impraves the convergence 
of the procedure [Stu97]. Although application of local search is optional, it is recom
mended for a wide variety of optimization problems. 

Local search enhances the solutions generated by the ants and therefore accelerates 
the optimization process. Various strategies can be foliowed conceming the actual 
procedure: local search can be applied to all solutions generated during an iteration 
or only tothebest solution. A possible disadvantage could be the increase in compu
tational effort, although this can be reduced by using a proper local search procedure. 
Furthermore, local search can result in a too fast convergence to a sub-optimal solution 
region, but the convergence can be regulated by means of pheromone evaporation. · 
Evaporation takes place in the next procedure, pheromone update. 

Pheromone update 

Initially, all arcs (i, j) receive the same pheromone intensity, i.e. Tij = To. During the 
optimization process, the pheromone intensities are updated in order to favor arcs 
leading to good solutions. Several updating strategies have been proposed in litera
ture, the Ant Colony System (ACS) updating strategy [Dor97] is addressed here. In 
ACS, pheromone trails are updated at two levels: 

• Global pheromone update 

• Local pheromone update 

Pheromone trails Tij are globally updated after the local search procedure has ter
minated in order to change the pheromone intensity depending on solution quality. 
Global pheromone update is used to alter the desirability of arcs for the next iteration 
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step. The global update can formally be expressed as follows: 

(C.2) 

where p E [0, 1] is a pheromone decay (evaporation) parameter and Ó'Tij is the amount 
of pheromone added by the ants. In the ACS update strategy, only the best ant in 
each iteration (corresponding tothebest solution) deposits pheromone. The amount 
of pheromone il'Tij that is deposited on are (i, j) is determined as: 

ilT· ·(t) = { + for arcs. (i, j) belonging tothebest solution 
'1 0 otherw1se, 

(C.3) 

where T represents the value of the objective parameter in the optimization problem. 
In the example illustrated in Figure C.2, the objective parameter is the number of nocles 
visited. 

Local pheromone update takes place during the solution generation procedure, in
stead of after the local search like global update. Main objective of local update is 
to stimulate the exploration of arcs that do not belang to the set that is favored by 
means of global update. Stimulation of exploration can be obtained by decreasing the 
pheromone intensity on frequently chosen arcs. Each time an ant has selected an are 
(i, j), the corresponding pheromone intensity Tij is locally updatedas follows: 

(C.4) 

It is important that the initial pheromone intensity is lower than +, because otherwise 
it is possible that pheromone intensity is increased by local update. Remark T repre
sents the current best solution and consider T0 to represent the initia! solution, then To 

can be defined as: 

1 
To = To' (C.5) 

than To is lower than ilTij = + if T0 > T, i.e. the current best solution is better than 
the initia! solution. This seems plausible since the objective is to imprave the initial 
solution. 

C.3 Applications 

In this last section, possible applications of Ant Colony Optimization are presented. 
Although ACO algorithms are suitable to find the shortest path on a graph in general, 
it is important to note that ACO is only interesting for problems that cannot be solved 
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efficiently using simple (classica!) algorithrns. Adaptation of ACO toa specific prob
lem can require more effort than one might expect at first sight. Besides tuning the pa
rameters a, {3 and p, the determination of the best strategy regarding local search and 
pheromone trail update can also be rather time-consuming. Furtherrnore, the choice 
of the heuristic applied for determining T]; j can also require a thorough investigation. 
The evaluation of the performance of a certain ACO-configuration compared to the 
optima! salution can be hard, since optimal solutions are usually difficult to acquire. 
However, once the desired configuration has been defined, ACO has strong potential 
for various combinatorial problems. 

Typical problems to apply ACO on are: 

• NP-hard problems, for which the dimension of the full state-space graph is expo
nential in the dimension of the problem representation. For example, ACO has 
proven its potential for Traveling Salesman Problems (TSP) and Single Machine 
Total Weighted Tardiness Problems (SMTWTP). 

• Problems in which the properties of the probiem's graph representation change 
over time concurrently with the optimization process. 

• Problems in which the computational architecture is spatially distributed, as is 
the case of parallel and/ or network processing. 
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Routing methods 

A number of routing methods for minimizing the lengthof piek paths (routes) is dis
cussed in this appendix. For unit-load warehouses it is easy to determine the optima! 
route as this is the shortest path from depot to storage location and vice versa, but for 
less-than-unit-load warehouses, the situation is more complicated. If the pieker is able 
to accumulate SKUs (piek capacity larger than 1), travel time can be reduced by pick
ing a number of SKUs in a single piek run. Travel time is determined by the sequence 
in which items are picked and this sequence can be optimized by using proper routing 
methods. 

The problem of minimizing the travel distance (or time) required for visiting a set of 
locations is known as the Traveling Salesman Problem (TSP) [Rin85]. The TSP is a NP
hard problem, which implies that there are no fast solution techniques for it; even small 
instances can be very time-consuming to solve optimally. However, the travel direc
tions in warehouses are constrained by the presence of aisles and this special structure 
makes it possible to optimally solve the routing problem rather easily. Although cal
culation of optima! piek paths is possible in theory, it is usually not applied in practice 
for two reasons: 

1. The Warehouse Management System (WMS) does not support piek path opti
mization, as it requires detailed information of the geometrie layout of the ware
house and exact distances between all pairs of storage locations. 

2. In genera!, optima! solutions are complex and hard to understand. This observa
tion also holds for piek paths, piekers require an intensive navigation in order to 
follow the optima! path. Without detailed information, it is not likely that piekers 
are able to follow the optima! path. As soon as piekers leave the optima! path, 
one can imagine that benefits of optima! routing vanish. 

Instead of determining optima! piek paths, heuristic routing methods can be used to 
determine piek routes that are easier to understand by piekers and require less geomet-
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ric information and calculation time. In Section D.l, three henristic routing methods 
for parallel aisle warehouses are discussed together with an optima! method, while 
Section 0.2 describes four routing methods for warehouses with (multiple) cross aisles. 

D.l Parallel aisle warehouse 

A number of routing methods for parallel aisle warehouses is discussed in this section. 
Characteristic for a parallel aisle warehouse is of course the structure of the storage 
area with the parallel aisles, which are connected by cross aisles at the front and back 
of each aisle. Aisles can be traversed in both directions and item retrieval takes place 
both leftas right. All piek runs startand finish at the depot. A parallel aisle warehouse 
has parallel aisles connected by cross aisles at the front and the back of each aisle. 
Figure D.l contains examples of the applicatiön of four routing methods to a parallel 
aisle warehouse. 

S-shape 

The S-shape henristic is one of the most simple routing methods and is shown in 
Figure D.l(a}, where piek locations that should be visited are designated in grey. Order 
piekers enter every aisle where anitem has to be retrieved and traverses the entire aisle. 
An exception is made for the last aisle in case the number of aisles to be visited is odd, 
but in general changing direction inside an aisle is not allowed. The 5-shape henristic 
is also known ~s traversal method [Hal93]. 

Return 

Another simple routing method is the return method, which is especially favorable 
if there is no cross aisle to conneet the ends of the aisles. According to the return 
methods, piekers enter and leave aisles from the same end, a direction change takes 
place at the last piek location of each aisle. An example of the return henristic is shown 
in Figure D.l(b). 

Largest gap 

A gap represents the distance between two adjacent picks, between the fust piek and 
the aisle front or between the last piek and the aisle back. In a largest gap route, piekers 
enter aisles as far as the largest gap within an aisle. Traversing of aisles is only allowed 
in the fust and last aisle. For all other aisles, piekers perform return routes from one 
or both endsof the aisle. Figure D.l(c) contains the route according to the largest gap 
heuristic. 



D.l. Parallel aisle warehouse 103 

(a) 5-shape (b) Return 

(c) Largest gap (d) Optima! 

Figure 0.1: Example of four parallel aisle warehouse routing methods. 
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Optima} 

The Ratliff and Rosenthal (RR) routing method [Rat83] is a construction procedure re
sulting in guaranteed optimal routes, that is with minimal travel distance. This methad 
is an optimization methad which uses the constraints caused by the aisle structure to 
solve the TSP relatively easily. The optimal salution is a combination of traversaland 
largest gap strategies and an example is shown in Figure D.l(d). The more complex 
route with respect to the heuristic methods is obvious, while in this case, the benefits 
are small. The next paragraph discusses the performance of optimal methods with 
respect to heuristics. 

Discussion 

As heuristic methods are easy to implement and to understand and form consistent 
routes in practice, the question arises if optimal methods are needed at all. The perfor
mance of heuristics ( compared to optimal methods) is depending on many factors like 
for instanee warehouse dimensions, distribution of piek locations and piek equipment. 

One can imagine the return method to have a poor performance because the travel 
distance inside aisles is relatively long ifpick locations situated after the midpoint of 
the aisle has to be visited. If the most popular items are stored near the front end of 
the aisles, the return method can be advantageous but has astrong competitor in the 
largest gap method which seems to be more robust. It can be assumed that the return 
method is only beneficia! in the special case for which it is the only applieable alterna
tive: warehouses without cross aisles at the back. 

The S-shape method is efficient if the entering and leaving of aisles is time-consuming, 
for instanee when high-bay order pieking trucks are used or the aisles are narrow. The 
number of aisle entrances is minimized by the S-shape method. If aisle entering is not 
time-consuming and travel distance is important,the largestgap method is often able 
to. outperfarm S-shape, especially when the density of picks per aisle is low and aisles 
have relatively long length. 

The heuristie methods discussed above have been compared with the optimal algo
rithm for a parallel aisle warehouse with fixed depot and uniformly distributed piek 
locations (no designated popular locations) [Pet97]. From this evaluation can be con
cluded that the return method performs very poor, which is already mentioned above. 
The largest gap method turns out to be the best heuristic. Averaged over a number of 
different warehouse layouts, the optimal algorithm improves travel distance by only 
4% with respect tb largest gap. The practical benefits of optimal methods can therefore 
be questioned. In case of automatedorder pieking, the theoretica! impravement of 4% 
seems achievable in practice, but if human piekers are involved, a large part of this im
provement is expected to vanish due to the complex routes. More information about 
the circumstances in which optimal solutions are preferabie can be found in [Kos98] 
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D.2 Multiple cross aisle warehouse 

Routing methods for multiple cross aisle warehouses are discussed in this section. This 
type of warehouses also contains parallel aisles, but these are divided in subaisles by 
cross aisles additional to those at the front and back end of the aisles. Cross aisles di
vide the warehouse into blocks containing a number of parallel subaisles. Cross aisles 
do not contain starage locations, they are only used to change from aisle. In Figure 0.2, 
routes resulting from four different methods are drawn for a warehouse with 6 aisles 
and 3 blocks. As the number of travel directions becomes much larger as a result of 
cross aisles, calculation of optimal routes becomes considerably more complex. This 
observation underlines the need to investigate approximating heuristics. Three heuris
tic methods are briefly discussed in the upcoming paragraphs, a more thorough treat
ment can be found in [RooOla]. 

S-shape 

The S-shape heuristic for multiple cross aisle warehouses is illustrated in Figure 0.2(a). 
This method applied to one block is in fact equal to the S-shape method for parallel 
aisle warehouses discussed inSection 0.2, the difference is in the transition from one 
block to another. The route starts by moving from the depot to the leftmost subaisle in 
the farthest block containing picks. After creating a route through this block, the picks 
in the next block must be examined. Oetermine the distance from the current position 
to the leftmost subaisle and the rightmost subaisle of the next block with pieks. Go 
to the doser of these two and create the route for this block. If all blocks are routed, 
return to the depot. 

Largest gap 

The largest gap method for multiple cross aisle warehouses is similar to S-shape nothing 
more than applying the parallel warehouse variant to the separate blocks. Again, the 
route starts in the farthest block and block transition is equal to S-shape as described 
above. However, the route for the block dosest to the depot always starts at the sub
aisle dosest to the depot, in order to prevent the front cross aisle to be traversed twice. 
Figure 0.2(b) depiets an example of the largest gap method for multiple cross aisle 
warehouses. 

Aisle-by-aisle 

This heuristie for warehouses with multiple cross aisles is introduced in [Vau99]. Order 
pieking routes resulting from this heuristic visit every piek aisle exactly once. This 
means that all items in the fust aisle are pieked fust, foliowed by the items in the next 
aisle, and so on. Dynamic programming is used to determine the best cross aisles to 
change from piek aisle. This processis repeated until all piek aisles have been consid
ered. An example of this method is shown in Figure 0.2(c). 
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(a) S-shape (b) Largest Gap 

(c) Aisle-by-aisle (d) Optima! 

Figure 0.2: Example of four multiple cross aisle warehouse routing methods. 
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Optima! 

There is a number of methods for calculating the optima! route for multiple cross aisle 
warehouses. The Ratliff and Rosenthal method, optima! for parallel aisle warehouses 
can be extended for multiple cross aisle warehouses as is described in [RooOlb]. The 
number of tranSition possibilities increases rapidly with the number of cross aisles, 
leading to inconvenient increases in computation efforts. Por more than one cross aisle, 
it is more convenient to use a branch and bound method for evaluating all routes than 
using the (traceable) RR-algorithm according to [Rooüla]. An example of an optima! 
route is shown in Figure D.2(d) 

Discussion 

The relative performance of heuristics with respect to optima! routes is investigated 
by [RooOla]. The outcome of this investigation is similar to the condusion given in 
Section 0.1. Optimal methods provide substantial theoretic improvements, but the 
practical aspects reduce the benefits of optima! methods. As optima! methods can also 
result in unforeseen computation times, heuristics can be a good altemative. 

The performance of the three heuristics differs only marginally and is strongly de
pending on the warehouse dimensions and the piek density of items. The aisle-by-aisle 
method is best whenever the entering and leaving of aisles is time-consuming, largest 
gap perfarms reasonably well with respect to travel distance. In practice, warehouse 
and equipment dimensions are decisive for the choice of a routing method, together 
with the preferences of the warehouse management. 
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Appendix E 

Order clustering 

The order clustering problem is discussed in this appendix together with a number of 
clustering methods. Section E.l describes the order clustering problem, heuristics for 
solving this problem are addressed in Section E.2. Possible applications of Stochastic 
Local Search methods (SLS) to the order clustering problem are presented inthelast 
section, Section E.3. 

E.l Problem description 

This section describes the order clustering problem. Notice that this problem is often 
referred to as order batehing problem, which is proven to be NP-hard [GadOl]. 

Order clustering can be applied to reduce piek efforts and it consists of clustering a 
number of orders into a piek batch. This batch with orders is processed completely in 
a single piek run. The objective of order clustering methods is to minimize the total 
piek effort (piek time) of a number of orders by obtaining an as good as possible parti
tioning of orders into clusters. 

Orders have a certain order size, which is depending on the volume of the items in 
that order, or the number of piek locations that have to be visited. The size of an order 
batch is restricted by the capacity of the piek device that is used by the order pieker. 
Orders have to be processed in one piek run, i.e. splitting of orders is not allowed 
and they can only be clustered with other orders from the same combination window. 
The combination window specifies which orders are allowed to be clustered together 
(mostly basedon due date). The difficulty of the order clustering problem is twofold, 
because it consists of the combinatorial problem of forming clusters with orders that 
have similar piek locations (or piek aisles), while it is also important that the capacity 
of the piek device is utilized as much as possible. A large number of heuristics for this 
NP-hard problem have been developed throughout the years, Section E.2 discusses the 
most important heuristics. 
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E.2 Order clustering beuristics · 

This section provides an ifltroduction to a number of heuristics that are used to cluster 
orders into batches. Besides simple, straightforward dispatching methods like First
Come First-Served, the majority of order clustering heuristics can be divided into two 
groups based on their working principle: 

1. Seed algorithms 

2. Savings algorithms. 

Seed algorithms 

Generally, the procedure of seed algorithms consistsof two steps. First, the seed (or 
initial) order is selected from those orders not yet added toa batch. Second, not yet 
selected orders have to be added to the seed orderuntil the batch equals the capacity of 
the piek device. All seed selection rules can be applied in two ways: in a single mode 
where the seed order is selected only once and in a cumulative mode where the seed 
order is updated every time an order has been added to the route. 

Various seed selection and seed addition rules have been proposed throughout the 
years and most rules can be combined together, which results in a large number of 
different seed algorithms. For the seed selection rule, one may think of choosing: 

• Randomly 

• The order with the farthest item 

• The order with the largest number of visited aisles 

• The order with the longest travel time 

• The order with the largest aisle range (absolute difference between mostleftand 
most right aisle) 

• The order with the largest number of items. 

Similarly, one can imagine there a many addition rules. Which combination of selec
tion and addition rule performs best is strongly depending on the specifie situation 
and requires an intensive investigation. 

Savings algorithms 

Savings algorithms arebasedon the (time or distance) savings that can be obtained 
by clustering two orders in one piek run as compared to the situation where both or
ders are processed individually. Obviously, savings algorithms require accurate piek 
run time information in order to calculate the savings. Piek timescan be calculated 
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using one of the routing methods discussed in Appendix D. Because piek runprocess 
times depend on the routing method applied, time savings arealso dependentand the 
clustering process is again depending on the routing method. Three different savings 
algorithms are explained in this paragraph: 

1. EQUAL algorithm 

2. SL algorithm 

3. Clarke and Wright algorithm. 

EQUAL algorithm 

The EQUAL algorithm [Els89] is a seed algorithm where a combination of two orders 
is selected as a seed. The combination with the largest time saving is chosen. From 
the remaining orders, the order with the largest potential saving is added to the batch 
until the pieker is filled to capacity. As the cumulative seed rule is used, each order 
batch acts like a seed. Orders that are left at the end of the procedure are clustered 
individually. 

SL algorithm 

The SL (small-large) algorithm [Els89] makes a distinction between large and small 
orders, based on for instanee the number of order lines. The split quantity (the number 
of order lines) should he determined with regard to order sizes and piek capacity. First, 
alllarge orders are clustered with the EQUAL algorithm discussed above. Next, the 
remaining small orders are sorted in decreasing size, and the largest small order is 
added to the batch which yields the largest time saving. In case a small order does not 
fit into one of the existing batches, a new batch is created. 

Clarke and Wright algorithm 

The Clarke and Wright (CW) algorithm [Cla64] is basedon calculating time savings 
for all possible order pairs and selecting the pair with the highest saving for clustering. 
The basic variant, denoted as CW1, consists of the following steps: 

1. Calculate the savings for all possible order pairs, i.e. all order pairs that do not 
exceed the capacity of the piek device. For k orders, the savings matrix contains 
at most ! · ( k2 - k) nonzero entries. 

2. Select the pair with the highest saving from the savings matrix. In case of a tie (a 
number of pairs with equal saving), a pair is chosen randomly. 

3. Three cases can he distinguished at this point: 
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• Neither of the orders has been . included in an existing batch and the re
maining capacity of the order pieker is sufficient for both orders: include 
bothorders in a new batch. 

• Exactly one order has been included in an existing batch. If the other order 
fits in this batch with respect to capacity, then add it to this batch. If not, 
proceed with step 4. 

• Bothorders have already been included in a (different) batch: proceed with 
step 4. 

4. Select the pair with the next largest time saving and repeat step 3 until all orders 
are included in a batch. 

The computational efforts with respect to determination of the savings matrix are de
pending on the routing method applied. Besides the piek run process times of individ
ual orders, all order pair process times should also be determined in order to calculate 
the savings. One can imagine that application of an optima! routing method like Ratliff 
and Rosenthal requires considerably mote computational efforts than a fast and simple 
heuristic method like 5-shape or largest gap. 

In the basic Clarke and Wright algorithm, the savings matrix is be determined only 
once. However, there is also another variant in which the savings matrix is recalcu
lated after every timetwoorders have been clustered. This variant is denoted CW2. 
The batch resulting aftera clustering step. is considered as a new (large) orderand the 
two original orders are replaced by this new order. Therefore, the savings matrix be
comes smaller after every clustering step. The CW2 algorithm is similar to CWl with 
only steps 3 and 4 changed. 

3. Combine bothorders (clusters) to forma new cluster, if allowed by the pickers' 
capacity. If not, choose the combination with the next largest saving and repeat 
step 3. 

4. If not all order combinations have been included in a batch, proceed with step 1. 
In the calculation of the savings matrix, all clusters are considered as orders. 
Otherwise: finish. 

It is proven that CW2 outperfarms CWl but it also requires substantially more calcu
lation time because of the continuous recalculation of the savings matrix. However, 
application of a substitution scheme limits. the recalculation efforts to maximal two 
complete matrix calculations. Notice a complete recalculation of the savings matrix is 
not necessary after every clustering step. Recalculation is only necessary for combina
tions with the new batch, all other combinations are not altered and maintain the same 
savings. The substitution scheme is illustrated in Table E.l. 
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Step 1 

Order 1 2 3 4 5 6 7 
1 
2 x 
3 74 x 
4 64 58 74 
5 68 x 94 54 
6 x x x 62 68 
7 2 10 10 2 10 1 

Step 2 

Order 1 2 3 4 6 7 
1 
2 x 
3 x x 
4 64 58 x 
6 x x x 62 
7 2 10 x 10 1 

Step 3 

Order 1 2 6 7 
1 
2 x 
6 x x 
7 9 10 1 

Step4 

Order 

I~ 
2 6 

1 
2 
6 x 

Table E.1: Example of substitution scheme of savings matrix. An X means that the 
combination is not possible because of the limited piek ca pa city. 
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In the fust step, the savings matrix is calculated completely for the 7 orders. Possible 
time savings are denoted by the numbers in the matrix. Combinations that are not 
possible due to the limited capacity of a piek device are denoted by an X. The highest 
time saving, which equals 94 for order 3 and 5, is printed in italic. In this fust step, 
order 3 is clustered with order 5. 

In step 2, the savings matrix is updatedandorder 3 represents the batch (3,5); order 5 is 
removed from the savings matrix. The only combinations that have to be recalculated 
are combinations with the new order 3, the resulting time savings are printed bold. 
It appears that none of the remaining orders can be combined with order 3 without 
exceeding the piek capacity. The order pair with the highest saving is now (1,4). 

Order 3 is removed from the savings matrix in step 3 because it is not possible to add 
other orders to this batch. Combinations with the new order 1 (which represents batch 
(1,4)) are considered with respect to savings and order 4 is of course also removed from 
the savings matrix. The combination of order 2 with order 7 yields the highest saving 
at this point and the savings matrix after clustering order 2 with 7 is shown in step 4. 
Apparently, no more combinations are possible and the algorithm terminates resulting 
in four batches: (3,5), (1,4), (2,7) and 6. 

Performance 

Much research has been performed with respect to the performance of order clustering 
methods. In [Gad01], an optima! clustering algorithm is introduced, which is only 
valid under a number of impractical assumptions. In fact, it is nothing more than a 
branch and bound method with a limited number of evaluations due to the assumed 
restrictions. Although it is mathematically correct, there is only little resemblance with 
practice left andthe practical benefits of this method are doubtful. 

The performance of the seed and savings algorithms discussed above are exhaustively 
compared in [Kos99]. . Although performance is depending on numerous factors such 
as warehouse geometry, routing method, SKU allocation and piek capacity, the referred 
comparison covers a wide range ofwarehouse situations. The Clarke and Wright clus
tering algorithm with recalculation of the savings matrix (CW2) proved to be the best 
and most robust heuristic according to this investigation. For large piek capacities 
however, seed · algorithms are preferred since they perform almost equal while seed 
algorithms require less computation time. 

Combination window size 

Consiclering a list of orders, the range of orders that are allowed to form batches to
gether is denoted as the combination window. In other words, an order can only be 
combined with another order if they are situated within the same combination win
dow. As the number of combinations increases exponentially with increasing combi-
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nation window size, one can imagine that the probability of "good" combinations also 
increases. lt is assumed that clustering performance, expressed as the reduce in piek 
time, is proportional to window size. The influence of combination window size on 
performance is investigated in Appendix F. 

With respect to clustering performance, an as large as possible combination window is 
desired. However, all orders have a certain due date and problems could occur when
ever early orders are clustered with orders with a later due date. Two situations could 
occur: or the late order is picked too early, or the early order is picked too late. Inde
pendent of which situation occurs, one can imagine that this is not desirable. The only 
option to avoid these kind of problems is to put a limit on the combination window 
size. Since all orders for the same truckload are assumed to have the same due date, 
the minimum window size is one truckload. 

Besides the conventional fixed combination window, it is also possible to apply a 
moving combination window. If a moving combination window with a size of 2 truck
loads is applied, orders from truckload i can be combined withorders from truckloads 
i- 1 to i+ 1. The advantage of a moving combination window is that the window size 
is virtually large while the effects of due date differences are minimized. An important 
disadvantage is that all orders have to be known befarehand and clustering takes rela
tively more time. This is caused by the moving window that involves all orders in one 
clustering procedure. If a fixed combination window is applied, the clustering pro
cedure can be divided in several smaller, independent clustering proèedures for each 
combination windows; an advantage is that possible changescan be prócessed faster 
and the total clustering procedure requires less time. 

In Table E.2, the differences in combination possibilities between fixed and moving 
combination windows are shown. A possible order pair is denoted with Q. lt can be 
concluded from Section F.3 that the benefits of moving combination windows are only 
substantial. If the disadvantages of a rnaving combination window are also taken into 
account, the only condusion can be that it is not recommended for practical purposes. 

E.3 Application of SLS to the order clustering problem 

In order to improve the performance of order clustering procedures, application of 
Stochastic Local Search methods (SLS) is recommended. The application of SLS to 
order clustering is discussed in this section. First, the basic ideas behind SLS are ex
plained, foliowed by the (expected) benefits of SLS with respect to order clustering. 
This section ends with a number of considerations regarding implementation prob
lems. 
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(A) Fixed combination window, window size 1 truckload 

TL 1 TL2 TL3 TL4 
order 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 

1 -
2 0 -
3 0 0 -
4 0 0 0 -
5 0 0 0 0 -
6 -
7 0 -
8 0 0 -
9 -
10 0 -
11 0 0 -
12 0 0 0 -
13 0 0 0 0 -
14 -
15 0 -
16 0 0 -
17 0 0 0 

(B) Moving combination window, window size 2 truckloads 

TL 1 TL2 TL3 TL4 
order 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 

1 -
2 0 -
3 0 0 -
4 0 0 0 -
5 0 0 0 0 -
6 0 0 0 0 0 -
7 0 0 0 0 0 0 -
8 0 0 0 0 0 0 0 -
9 0 0 0 -
10 0 0 0 0 -
11 0 0 0 0 0 -
12 0 0 0 0 0 0 -
13 0 0 0 0 0 0 0 -
14 0 0 0 0 0 -
15 0 0 0 0 0 0 -
16 0 0 0 0 0 0 0 -
17 0 0 0 0 0 0 0 0 

Table E.2: Possible order combinations (denoted by 0) fora fixed combination win
dow and a moving combination window. 

17 

-

17 

-
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Whatis SLS? 

Stochastic Local Search (SLS) algorithms are among the most prominent and successful 
techniques for solving computationally difficult problems in many areas of computer 
science and operations research, including propositional satisfiability, constraint satis
faction, routing, and scheduling. But what is meant by Stochastic Local Search? 

SLS algorithms combine a local search algorithm with a probabilistic component. La
cal search focuses on improving a current problem salution by evaluating (searching) 
other feasible solutions in the neighborhood of this current solution. If a better salution 
is found, it becomes the new current salution and the local search procedure restarts. 
However, if there is more than one 'better' salution in the neighborhood, local search 
chooses one salution deterministically according toa certain criterion (first-improve, 
best-improve). The difference of SLS algorithms with respect to classic local search 
algorithms is that the selection procedure in SLS algorithms is not deterministic but is 
based on a certain probability. 

Many SLS algorithms have been introduced in the past years: 

1. "Simple" SLS Algorithms 

• Simulated annealing 

• Tabu search. 

2. Hybrid SLS Algorithms 

• lterated local search 

• Variabie neighborhood search. 

3. Population-based SLS Algorithms 

• Genetic algorithms 

• Ant Colony Optimization. 

The next paragraph addresses the expected benefits of SLS with respect to the order 
clustering problem. 

Benefits of SLS with respect to order clustering 

Both seed and savings algorithms can be considered as local search methods for im
proving the total piek time of a set of orders. Starting with a situation without order 
batches (each order has its own exclusive piek run), orders are clustered in batches to 
decrease total piek time. Seen from this perspective, current order clustering methods 
can be characterized as (deterministic) descent methods. 

Any type of descent algorithm terminates in alocal optimum by definition. The main 
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handicap of a descent algorithm is its myopie nature: it looks only one single move 
ahead and any move can lead to a "bad" solution where the search becomes trapped 
in a local optimum that may be substantially worse than the global optimum. With 
respect to best-improve algorithms (current order clustering methods), the question 
arises what would have happened if the second or third best impravement would 
have been chosen instead of the best one. 

Stochastic Local Search methods offer the opportunity to evaluate other improving 
moves than the current best one. A good example of this characteristic of SLS algo
rithms is implemented in the Ant Colony Optimization algorithm (Appendix C). At 
each decision point, one of the possible improvements is chosen stochastically with 
a prabability praportional to the magnitude of the improvement. One can imagine 
this approach could be beneficia} for order clustering as it leaves the suboptimal de
terministic solution path of the current methods. In the last paragraph, a number of 
considerations is made with respect to the application of SLS to the order clustering 
problem. 

Considerations 

Before SLS methods can be applied to order clustering problems, a number of imple
mentation issues have to be solved. Three considerations are addressed here: 

• Although the computation time of conventional order clustering methods is de
pending on both prablem size and routing method, it can be concluded that the 
order clustering procedure is time-consuming in generaL Most SLS methods are 
iteratively, i.e. the order clustering procedure is performed repeatedly until the 
solution does not improve anymore. Obviously, this can lead to substantially 
long computation times. The solution pracess could be accelerated by using less 
accurate routing methods but the question is if this approach leads to satisfying 
results. 

• The transformation of the order clustering problem into a SLS problem can be 
performed in several ways. It requires exhaustive research to find the best im
plementation. Furthermore, most SLS methods contain a number of parameters 
that have to be fine-tuned for best performance. An inefficient configuration of 
the SLS algorithm can lead to relatively small improvements or slow convergence 
with respect to conventional methods. 

• · Besides the aspects mentioned above, there is not much certainty about the mag-
. nitude of the impravements that can be achieved. Although the performance 
of seed and savings algorithms have been thoroughly compared to each other, 
there is· not much information .about the actual dilierences with respect to the 
global optimum. It is possible that there is only little room for impravement and 
complex SLS methods could be superfluous. 
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Influence of combination window 
• 

SIZe 

Order clustering basieally consistsof combining two or more ordersintoa batch, which 
is pieked in a single piek run. Order clustering algorithms search for the best combina
tions in a set of orders. The number of orders in this set is restrieted by the combination 
window size and can be specified in many ways. Either all orders for one day can be 
embraced by a combination window, or only the ordersfora certain time spanor truck
laad. 

In this appendix, the influence of combination window size on the performance of 
order clustering algorithms is investigated. First, the necessity of choosing a proper 
window size is addressed inSection F.l. The dependenee of the window size on clus
tering performance is examined by means of simulation experiments. Section F.2 dis
cusses the approach used in the simulation experiments. Finally, results and conclu
sions are presented in Section F.3. 

F.l Context 

The influence of combination window size ( or window size) is put into practiee us
ing the Clarke and Wright savings algorithm with recalculation of the savings matrix 
(CW2). Only a brief explanation is addressed here, for more details is referred to Ap
pendix E. Consiclering a set of orders in the combination window, the savings matrix 
contains the savings that are the result of combining a pair of orders with each other. 
Fora window size of k orders, there are ! · (k2 - k) exclusive pairs. After the savings 
are determined for all combinations, the pair with the largest saving is clustered into 
a new, larger order. Apart from the conventional combination window, the moving 
combination window described in Section E.2 is also considered in this research. The 
Ratliff and Rosenthal optima! routing algorithm (RR) [Rat83] is applied to calculate the 
shortest piek paths for each order batch. The RR algorithm is discussed inSection 0.1. 

119 



120 Appendix F. Influence of combination window size 

As the purpose of order clustering algorithms is to find "good" combinations of or
ders within the same combination window, what should the size of this combination 
window be? If the window size would be 2 orders, there is only one combination pos
sibie and the savings obtained can be questioned. If there would be more combinations 
possible, the probabillty of good combinations grows. From this point of view, defin
ing an as large as possible combination window seems advisable, but practical issues 
can put a restrictiön to the window size. 

For larger window sizes, application of the CW2 algorithm can result in impractical 
computation times. However, there is a more important disadvantage of large combi
nations windows. Remark all orders have a certain due date whieh is determined by 
the truckload it belongs to. If orders from different truckloads (i.e. with different due 
dates) are clustered in one piek run, this batch should be pieked before the earllest due 
date of the orders in this batch. In other words, the piek run due date is determined 
by the order with the earllest due date. Consider the combination window to cover 
an entire day, it is possible that orders with a very early due date are combined with 
orders that do not have to be completed before the end of the day. If so, either the 
late orders are pieked too early or the early orders are tardy, which are both undesired 
situations. With respect to earliness or tardiness issues, it seems to be best to limit the 
window size to cover orders with same due dates only. 

As the optimal window size is obviously a trade-off between piek efficiency and due 
date issues, it is important to gain more insight in the influence of window size on piek 
efficiency. As the influence on due date issues is hard to investigate and it is desired to 
keep the combination window as smallas possible consiclering (computational) com
plexity, the benefits of larger window sizes with respect to piek efficiency should be 
investigated. Is the increase in piek efficiency large enough to balance the negative 
effects caused by larger combination windows, or can the influence on efficiency be 
neglected in practiee? The influence of window size on piek efficiency is examined by 
means of simulation experiments. Section F.2 discusses the setup used for the experi
ments. 

F.2 Simulation experiments setup 

Because of the complexity of the clustering algorithm, simulation is used to determine 
the influenceof window size on clustering performance. The objective of order clus
tering is reducing piek efforts, expressed by the mean time per piek t p· In this section, 
the setup of the simulation experiments is addressed. 

Assumptions 

The simulation experiments are performed according to the following assumptions: . 

• All information about orders is known in advance. 
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Warehouse 1 Warehouse2 Warehouse3 
Pallet storage Manual shelf Theoretica! 

Parameter combi-trucks store situation 
Order size [items] u [1,7] u [2,10] u [5,25] 
Capacity order piekers [items] 12 24 150 
Number of aisles 4 10 25 
Number of locations per aisle 2 x 30 2 x 20 2 x 25 
Total number of locations 250 400 1250 
Aisle length [m] 50 10 50 
Distance between two aisles [m] 4.3 2.4 5 
Travel speed within aisle [rri/s] 1.5 0.6 2 
Travel speed outside aisle [m/s] 1 0.6 1 
Time to enter or leave aisle [s] 15 0 20 

Table F.1: Parameters simulated warehouses. 

• Orders cannot be spread over more than one cluster. 

• Item dimensions are neglected, all items can be picked together in theory. 

• The weight of items picked at a single location equals 1. 

• The fixed depot is located at the front end of the first aisle. 

• Vertieal movement of order piekers is disregarded. 

• Two-sided pieking is performed within an aisle. 

• Order sizes and piek locations are drawn from a uniform distribution. 

• Initially, instruction, retrieval and unloading times are not considered, only travel 
time is considered. 

Simulation parameters 

Simulations are performed for three warehouse situations as proposed by [Kos99]. 
The charaderisties of the three warehouses are shown in Table F.l. Warehouse 1 is a 
narrow-aisle warehouse with manned combi-trucks or cranes. The second warehouse 
represents a typieal shelf store with manual order pieking usingpiek carts. The third 
warehouse is based on a pallet warehouse as far as dimensions are concerned, How
ever, warehouse 3 is not likely to exist with respect to the pieker's capacity, the aisle 
lengths in combination with the number of aisles and the order sizes that have to be 
pieked. The large pieker capacity in warehouse 3 results in an average number of 10 
orders per cluster. For this reason, the minimum combination window size in ware
house 3 is set to 30 orders. Figure F.1 illustrates the layout of warehouse 1 with a piek 
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Figure F.1: Layout warehouse 1 with piek path for random order with 6 items. 

run visiting 6 starage locations. 

Simulations are performed for window sizes of [10,20,30,40,50,60,70,80,90,100], for both 
the conventional and the rnaving window approach. Experiments using the conven
tional (fixed) combination window are carried ·out using a number of orders equal 
to the window size. Another approach is necessary for examining the influence of 
rnaving combination windows. The number of orders must be substantially larger 
than the window size in order to obtain reliable rnaving window behavior and to min
imize the influence of transient effects. Transient effects result from the limited com
bination possibilities for the fust and last orders, for example, the fust order can only 
be combined with later orders, while other orders can form a batch with both earlier 
as later orders. Based on the assumption that piek efficiency is depending on the com
bination possibilities, it can be imagined that these transient effects lower the overall 
piek efficiency. For these reasons, experiments with rnaving combination windowsare 
performed using 500 orders. 

Simulation experiments are repeated until the 95% confidence interval is smaller than 
5% of the mean time per piek, t P' In addition, a minimum number of replications of 
5 is applied to abolish the possibility that the algorithm terminates after only 2 repli
cations with coincidental almast equal outcome. More information about confidence 
intervals and simulation replications can be found in Appendix J. Section F.3 discusses 
the simulation results. 
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50 100 
Window size [order] 

Figure F.2: Mean time per piek versus combination window size · for the three ware
house situations. 

F.3 Results and conclusions 

In this section, the influence of window size on clustering performance is evaluated 
using the results from the simulation experiments. The results are presented fust, fol
Iowed by the conclusions that can be drawn from these results. 

Figure F.2 shows the mean time per piek lp resulting from the simulation experiments. 
The vertical axis represents lp, the horizontal axis the combination window size. Each 
warehouse has got its own graph, wherein the results for fixed combination windows 
are denoted by the red squares and blue triangles are used for moving windows. The 
assumption that piek efficiency increases with increasing window size proves to be 
valid, since lp continuously decreases with increasing window size for all situations. 

It appears from figure F.2 that shifting from fixed to moving combination windows 
results in higher piek efficiency (lower lp). Of course, this is logically, since the num
ber of possible combinations increases as a result of the moving window. However, 
these differences diminish for larger combination windows because the effects of fur
ther window increase also become smaller. 

Notice the better performance of the fixed combination window for warehouse 3, which 
is most likely caused by the large pieker capacity. Besides the larger probability of com
binations with large savings, increasing window size also offers better opportunities 
for utilizing the full piek run capacity. For example, consider a batch requiring 90% of 
the maximum piek capacity. The challenge is to findan order (or cluster) that results 
in a large saving but does not require more than 10% of the piek capacity. 

As the average number of orders in one batch equals 10 for warehouse 3, it can be imag
ined that a piekers visits almost all aisles during the corresponding piek run. When 
each piek run covers almost the entire warehouse area, the order locations do not re
ally matter. The emphasis shifts from location similarities to creating clusters with an 
as large as possible utilization of the piek run capacity. As a result of the relatively 



124 Appendix F. Influence of combination window size 

large capacity with respect to order size (15 items average), it is not difficult to create 
clusters with high utilization of the piek capacity. For these reasons, the advantage of 
a moving combination window diminishes and both approaches show almost similar 
results. 

The explanation above tends to imply that if the increase in clustering possibilities 
does not affect the piek efficiency, the window size is also not important, but this is 
not true (as can beseen in Figure F.2). Larger combination windows result in high uti
lized piek runs and therefore in high piek efficiency for warehouse 3. For example, a 
window size of 30 orders seems to require only 3 piek runs on average, but this would 
mean that all piek runs must have a 100% utilization of the piek capacity which cannot 
be realized in practice. At least 4 runs are necessary, resulting in a average utilization 
of only 75%. For window size 40, the utilization increases to 80% (5 runs for 40 or
ders). As aresult of more picks per run (per aisle), the mean time per piek decreases 
and therefore, the piek efficiency is indeed depending on the window size. 

The percentage decreasein the mean time per piek, tp, is shown in Figure F.3. Again, 
the horizontal axis represents the combination window size, the vertical the decrease 
percentage. The smallest window size is used as reference. Figure F.3 requires three 
remarks. First, the smaller impravement for rnaving windows for warehouse 1 (red tri
angle) is probably caused by the already 1ow value of t P for the reference window size 
of 10. Secondly, the relatively high percentage decrease for warehouse 2 with rnaving 
window is the result of the relatively high reference value for window size 10. Finally, 
the smaller improvements for warehouse 3 are the result of the larger window size of 
30 which is used as a reference and the fact that the utilization of piek runs is improved 
by larger combination windows as is already addressed above. 

Table F.3 contains a numerical representation of simulation results. Analyzing the sim
wation results shows that increasing the combination window size always impraves 
the performance of the clustering algorithm by means of lower mean time per piek 
tp. However, instruction, item retrieval and pieking device unloading times are not 
considered during this investigation, tp denotes the mean travel time per piek. If the 
additional instruction, retrieval and unloading times are considered to be part of the 
mean time per piek, the improvements become much smaller. To illustrate this state
ment, the percentage decrease in mean time per piek is determined with and without 
consiclering the additional times shown in Table F.2. Assuming each order batch to 
contain exactly the maximum number of items allowed by the pieker capacity, the ad
ditional time per piek becomes 40 seconds for warehouse 1, 10 seconds for warehouse 
2 and 32.4 seconds for warehouse 3. 

Figure F.4 shows the effect of additional times on the percentage decrease in t p· The 
squares represent the simulation results (only travel time), while the triangles denote 
the mean total time per piek. The relative improvements obtained by application of 
larger window sizes clearly decrease. 
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Figure F.3: Percentage decrease in mean time per piek versus combination window 
size. 

Consideration of the additional times decreases the influence of travel time improve
ments on the mean time per piek rigorously. As aresult of the somewhat disappointing 
improvements, the necessity of large combination windows can be questioned. It can 
be concluded that a proper combination window size is depending on both the spe
cific warehouse situation and the time available for performing the order clustering 
procedure. With respect to due date issues, limitation of combination windows to one 
truckload can be recommendable. Moreover, a truckload size of 250 order lines (items) 
for warehouse 2leads toa combination window of approximately 40 orders (average 
order size is 6 items) and this seems a fair window size according to Figure F.2. 

Consiclering the small dilierences between fixed and moving windows, the benefits 
of moving combination windows can also be questioned. Application of moving com
bination windows is not recommended in order to avoid due date conflicts and incon
venient order clustering efforts. 
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Figure F.4: Percentage decrease in mean time per piek versus combination window 
size for mean travel time per piek and mean total time per piek. 

Warehouse 1 Warehouse2 Warehouse3 
Pallet storage Manual shelf Theoretica! 
combi-trucks store situation 

Instruction [s] 60 60 180 
Retrieval [s/item] 30 5 30 
Unloading [s] 60 60 180 
Capacity order piekers [item] 12 24 150 
Additional time per piek [s/item] 40 10 32.4 

Table F.2: Additional time per piek. 
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Warehouse 1 Fixed Warehouse 1 Moving 
window size t % decrease t % decrease 
10 23.76 0 22.89 0 
20 22.23 6.44 21.52 6.00 
30 21 .69 8.71 20.90 8.69 
40 21.25 10.57 20.56 10.16 
50 20.93 11.93 20.37 10.98 
60 20.66 13.06 20.20 11.76 
70 20.49 13.75 20.03 12.49 
80 20.32 14.49 19.93 12.91 
90 20.23 14.87 19.86 13.22 
100 20.07 15.53 19.81 13.46 

Warehouse 2 Fixed Warehouse 2 Moving 
window size t % decrease t % decrease 
10 8.48 0 8.43 0 
20 8.05 5.04 7.84 7.01 
30 7.72 8.91 7.59 9.98 
40 7.52 11.32 7.40 12.17 
50 7.39 12.83 7.32 13.13 
60 7.32 13.69 7.23 14.22 
70 7.27 14.17 7.18 14.81 
80 7.23 14.65 7.13 15.38 
90 7.17 15.42 7.10 15.74 
100 7.12 15.98 7.05 16.35 

Warehouse 3 Fixed Warehouse 3 Moving 
window size t % decrease t % decrease 
30 13.76 0 13.87 0 
40 13.42 2.42 13.44 3.08 
50 13.03 5.24 13.09 5.58 
60 12.88 6.39 12.94 6.69 
70 12.72 7.53 12.79 7.77 
80 12.64 8.07 12.65 8.78 
90 12.48 9.24 12.59 9.23 
100 12.44 9.58 12.43 10.33 

Table F.3: Numerical results simulation experiments. 
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AppendixG 

Determination of piek time 
characteristics 

Optimization of the order pieking process ·can be divided in two parts: the clustering 
of multiple orders in a single piek run and the assignment of these runs to individual 
order piekers (scheduling). In this appendix, the piek run process time characteristics 
resulting from order clustering are approximated by means of simulation. Section G.l 
addresses the reasons for approximating piek run process time characteristics. The 
approach for generating process time data by means of simulation is discussed in 
Section G.2. Section G.3 deals with the approach used to fit a distribution on the piek 
time data obtained from simulation experiments. Finally, the parameters descrihing 
the approximating distribution of piek run process times are presented in Section G.4. 

G.l Framework 

The division of the order pieking optimization problem in two subproblems is ad
dressed in Section 3.3. First, customer orders consisting of a number piek locations 
that must be visited are clustered into piek runs. The piek run process times ar~ de
pending on the number of piek locations that have to be visited and their distribution 
throughout the facility. The second subproblem encloses the scheduling problem that 
arises from the combination of multiple order pickers, varying piek run process times 
and truckload departure times (due dates). 

In order to investigate the opportunities for optimizing the scheduling problem, the 
performance of a number of scheduling algorithms is compared by means of simula
tion, as is described in Chapters 4, 5 and 6. The input of the scheduling problem, a 
set of piek run process times (in the remainder of this appendix referred to as process 
times of jobs) with corresponding due dates, is depending on the clustering algorithm 
applied. However, the Clarke and Wright algorithm with recalculation of the savings 
matrix (CW2) [Cla64] in combination with the Ratliff and Rosenthal algorithm [Rat83] 
as routing method requires large computational efforts. Because the analysis of sched-
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uling algorithms requires a large number of simulation experiments with correspond
ing input (process times), the idea of replacing the time-consuming clustering algo
rithm by a (faster) approximation method was adopted. The following section deals 
with the generation of process time data by means of simulation. 

G.2 Data generation 

The generating of process time data is addressed in this section. Simulation experi
ments are carried out for the three warehouse environments (Table F.1) using a combi
nation window equal to one truckload. Four different truckload sizes are considered, 
namely 125, 250, 500 and 1000 order lines (items). Basieally, there are two important 
piek characteristies: the utilization of the piek vehicle, u and the distribution (mean, 
variance) of the piek run process time. Both charaderistics can be obtained from ex
periments in which the order clustering procedure is simulated. 

Piek characteristics are determined by simulating the output of the CW2 clustering 
algorithm. Simulation experiments are to a large extent similar to the setup used for 
investigating the influence of the combination window size as discussed inSection F.2. 
Instead of simulating with a fixed combination window size (number of orders in one 
truckload), the number of order lines is kept fixed on average here. For example, if 
warehouse situation 1 is considered with an average truckload size of 250 order lines, 
orders with a mean size of 4lines (uniform distributed with range [1,7]) are generated 
until the cumulative number of order lines equals 248 or more. lf an exact number 
of lines of 250 would be obliged, so-called residual orders containing a (forced) small 
number of order lines could be involved in order to obtain exactly 250 order lines. 

An approximation of the mean utilization of piek vehicles can be obtained directly 
from a single simulation run. Application of the relative precision criterion discussed 
in Appendix J, tumed out that the desired precision is achieved within a small number 
of replications, i.e. the performance measure utilization rapidly converges. However, 
the distribution of piek run process times will be derived from a histogram of simula
tion output and after this small number of replications, the histogram is very coarse. 
To overcome this problem, the relative precision criterion is not taken into account and 
a fixed number of 500 simulation replications is used instead. lt is shown inSection G.3 
thatthis approach results in sufficient observations for proper distribution fitting. 

G3 Distribution fitting 

This section discusses the approach used to derive the dis tribution for approximating 
piek run process times·from the process time data. Due to similarities in characteristics 
betweenwarehouse situations 1 and 2, the·approach for warehouse 1 is only discussed 
here. Warehouse 3 is discussed separately because it requires special attention as a 
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Figure G.1: Histogram of piek run process tirnes for warehouse 1 with truckload size 
250 for 500 replieations. 

result of the relatively large vehicle capacity (150 order lines can be pieked in one run). 

Warehouse 1 - truckloadsize 250 

The derivation of a distribution descrihing the piek run process tirnes for warehouse 1 
with a truckload size of 250 is addressed here; other truckload sizes require a similar 
approach. 

Figure G.1 displays the histogram of the piek run process time after 500 sirnulation 
replieations for warehouse 1 with truckload size 250. The somewhat unusual shape of 
the histogram (high frequency at the maximum values) is caused by the discontinuous 
behavior of the order clustering algorithm. 

For better understanding of the histogram shape, notice a truckload containing 250 
order lines is clustered into a number of piek runs with a maximum capacity of 12 
lines. The clustering algorithm attempts to utilize the available vehicle capacity as 
much as possible, which results in relatively many piek runs containing 10 to 12 order 
lines. It is obvious that the process time of a piek run increases with increasing number 
of visited piek locations (order lines) on average and the maximum piek run process . 
time is limited by the maximum capacity of the piek vehicle. For these reasons, there 
is a relatively high frequency of process times ·around the maximum of 730 seconds. 
The low frequency of short piek run process tirnes is the result of piek runs containing 
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Figure G.2: Histogram of modified piek run process times for warehouse 1 with truck
lead size 250 for 500 replications. 

only a few order lines. These low utilized piek runs contain the remaining last one or 
two orders from a truckload, which could not be assigned to other batches because of 
the maximum capacity of the piek device. Per simulation replication, there are usually 
only one or two of these low utilized piek runs containing residual orders. 

The simulation data shown in the histogram in Figure G.l has mean value f.l = 652.05 
seconds and a squared coefficient of variatien (SCV) c2 = 8.25 x 10-3• lt seems dif
ficult to fit a standard continuous distribution, such as a gamma or Lognormal dis
tribution [Mon99], properly to the data presented in Figure G.l because the range of 
these distributions equals [0, oo], with a very low probability (frequency) for higher 
values. However, by applying two simple modifications to the simulation data, the 
corresponding histogram shows strong resemblance with the probability density func
tion of the gamma distribution. 

Figure G.2 displays the modified simulation results. The most important modification 
is the rotation of all process time measurements around the mean of 652.05 seconds. 
This rotation results in a histogram that suits the shape of a standard gamma density 
function very well. However, the modified data has a minimum of 574.97 seconds now 
(original maximum of 729.13 seconds rotated around the mean), while the range of the 
gamma distribution is [0, oo]. To cope with this problem, a negative offset equal to 
99% of the minimum value (0.99 x 574.97 = 569.22) is applied to the data, resulting 
in the histogram shown in Figure G.2. The applied percentage is determined via trail 
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Figure G.3: Warehouse 1 - trucklaad size 250 approximation density function (a), orig
inal process time measurements (b) and approximation samples (c). 
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and error and proved to be the best setting with respect to fitting a gamma distribution. 

The modified data has a mean J.l of 82.83 seconds and a c2 (with respect to the mod
ified mean) equal to 0.51. Inserting these values into the gamma density function 
yields a good approximation of the modified data. When the density function is ro
tated back around the mean and the offset of 569.22 is applied, the function shown 
in the in Figure G.3(a) results. Figure G.3(b) shows the original process time mea
surements. During simulation of the performance of scheduling algorithms, piek run 
process times can be approximated by drawing a sample from a gamma distribution 
with J.l = 82.83 and c2 = 0.51, which can be rotated around the mean (if x is current 
sample, the corresponding process time equals 2 · J.L- x), foliowed by the addition of 
the offset of 569.22 seconds. 

To illustrate the accuracy of the approximation, the graph in Figure G.3(c) shows the 
histogram of 11843 samples, which is the exact number of observations depieted in 
Figure G.3(b ). Besides the relatively sharp peak of the approximation, the behav
ior is as good as similar to the simulation dataandit is assumed that the proposed 
approximation is accurate enough for applieation in the scheduling simulations dis
cussed in Chapters 5 and 6. Goodness of fit measures like the Kolmogorov-Smimov 
method [Chr84] havenotbeen applied in this context because a rough approximation 
of piek run process times is considered sufficient. 

Warehouse 3 - truckloadsize 250 

Simulation experiments have shown that the piek characteristics for warehouse 3 dis
play large differences with respect to the other two warehouse situations. To illustrate 
these differences, the histogram containing the piek run process time observations is 
depieted in Figure G.4. 

In contrast to warehouse 1 and 2, the histogram of warehouse 3 contains two separate 
peaks. These peaks are caused by the extraordinary large vehicle capacity of 150 order 
lines. Because of this large vehicle capacity, the clustering algorithm always results in 
two piek runs in case of a truckload size of 250 lines: one run with approximately 150 
order lines and one run with the remaining order lines. For this reason, each simu
lation results in a long and a shorter piek run, causing the two peaks in Figure G.4. 
Moreover, the probability that an observation lies in one of both peaks is exactly ! . In 
case of truckload size 500, the probability of long and short piek runs is respectively ~ 
and !, for truckload size 1000, the proportion is~ : ~-

Since the probability for both peaks is known exactly, it is assumed that process times 
can be approximated using two distributions, one for each peak in the histogram. For 
every process time sample, one of the distributions is chosen according to the proba
hilities mentioned above. The simulation data is split in two partsin order to derive 
two distributions. It appears that none of the truckload sizes examined (truck load size 
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Figure G.4: Histogram of modified piek run process times for warehouse 3 with truck
loadsize 250 after 500 replications. 

125 is not considered for warehouse 3, since this results in only 1 piek run per truck
load) contains observations around 6100 seconds. Therefore, this process time is used 
to split the simulation data in two parts. 

The histogram of observations above 6100 seconds possesses charaderistics similar to 
warehouse 1 and 2 and hence, the same approach for deriving the distribution is used 
(rotation and offset modification). The partial histogram of observations below 6100 
seconds has already got the typkal shape of the gamma distribution, therefore the 
rotation around the mean value is riot necessary in this situation. Except for the ro:.. 
tation, the derivation of the gamma distribution parameters is carried out in the same 
way, thus using a negative offsetequal to 99% of the minimum observation. Figure G.5 
illustrates the resulting approximation. The graph in Figure G.S(a) shows the combina
tion of both probability density functions, the original simulation results are displayed 
in Figure G.5(b). Figure G.S(c) contains a set of 1000 samples from the combined dis
tribution. From the strong resemblances between the middle and bottorn graph can be 
concluded that the proposed approach results in an accurate enough approximation. 
Section G.4 addresses the exact parameter settings of the approximating distributions. 

G.4 Results 

The numerical results from the analysis of the piek characteristics are displayed in 
Table G.l. In this table, piek run distribution settings like the probability p, offset, 
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Warehouse 1 
truckload size p offset J.1 c2 u Tp 
125 1 551.48 91.61 0.65 0.84 63.48 
250 1 569.22 82.83 0.51 0.88 64.60 
500 1 580.32 77.34 0.43 0.90 61.06 
1000 1 583.78 75.62 0.37 0.91 60.50 

Warehouse 2 
truckload size p offset J.1 c2 u Tp 
125 1 322.93 67.00 0.28 0.86 18.81 
250 1 318.35 69.26 0.35 0.89 18.19 
500 1 313.35 74.24 0.20 0.91 17.69 
1000 1 315.62 70.62 0.15 0.93 17.34 

Warehouse3 
truckload size p offset J.1 c2 u Tp 
250a ! 4650 428.97 0.22 0.84 45.90 
250b t 6337 90.32 0.64 0.84 45.90 t 500a 1 2878 628.68 0.17 0.83 45.54 
5oob 

·Î 
6346 87.80 0.51 0.83 45.54 

1000a 7 4886 537.06 0.19 0.95 43.89 

Table G.1: Numerical results piek characteristics analysis. 

mean J.1 and SCV c2 are shown, together with the mean utilization of the piek vehicles. 
The utilization u represents the average percentage of the piek capacity that is used in 
a piek run. The mean time per piek Tp can be obtained by dividing the mean piek run 
process time by the average number of order lines (picks) per run, which equals the 
maximum capacity multiplied by the utilization. The indices a and b for warehouse 3 
represent the distribution below and above 6100 seconds. 
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AppendixH 

SMTTP algorithms 

This appendix discusses the truckload scheduling algorithms applied in the single 
machine scheduling approach as addressed in Chapter 4. First, the Single Machine 
Total Tardiness Problem (SMTTP) is discussed inSection H.l. The subsequent sec
tions adress the applied algorithms, EDD, MDD and WI, in detail, while Section H.5 
discusses an application of the Ant Colony Optimization meta-heuristic to solve the 
SMTTP optimally. 

H.l Single Machine Total Tardiness Problem - SMTTP 

The Single Machine Total Tardiness Problem (SMTTP) considers n jobs to be processed 
without preemption on a single machine that can handle only one job at a time. Every 
job j (j = 1, . . . , n) is available for processing at time zero and requires a positive pro
cess time Pj· Let further dj, Cj and Tj = max {0, Cj- dj} be the due date, completion 
time and tardiness of job j, respectively. 

The objective of SMTTP is to find a processing sequence including all jobs that min
imizes the total tardiness EJ=1 Tj. The SMTTP is a special case of the generalized total 
weighted tardiness problem (TWTP) where different weights can be assigned to each 
job. The SMTTP is proven to be a NP-hard combinatorial optimization problem [Du90], 
which implies that it can be very difficult to solve it optimally. Many approximation 
heuristics have been developed over the years, with varying complexity and perfor
mance. The following section addresses the simplest heuristic available, the Earliest 
Due Date rule. 

H.2 Earliest Due Date - EDD 

The Earliest Due Date (EDD) ruleis the most simple heuristic for the SMTTP. The EDD
rule sequences jobs according to ascending values of their due dates. The performance 
of the EDD-rule is depending on the SMTTP characteristics such as the process time 
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Figure H.l: Schematic representation MDD algorithm. 

varianee er~ and the distribution of due dates over the schedule. The EDD-sequence is 
guaranteed to be optimal if all jobs have equal process times p j (er~ = 0). Furthermore, 
it is proven that EDD-sequence also minimizes total tardiness if it has at most one tardy 
job [Bak74]. Section H.3 addresses the Modified Due Date algorithm. 

H.3 Modified Due Date - MDD 

The Modilied Due Date (MDD) heuristic [Bak82] is an iterative extension of the EDD
rule, including the influence of job process times Pj· The MDD heuristic iteratively 
schedules jobsbasedon their modified due date. The modified due date md j of job j is 
defined as: 

(Hl) 

where T is the total process time of already scheduled jobs, i.e. the start time of the 
current job. Since the modified due date is depending on already scheduled jobs, it has 
tobe recalculated for all remaining non-scheduled jobsaftera job is appended to the 
list of scheduled jobs. Given a certain subsequence, the job with the lowest modified 
due date is appended to this sequence according to the MDD algorithm. A schematic 
algorithmic outline of MDD is shown in Figure H.l. The next section discusses the 
Wilkerson and lrwin algorithm. 

H.4 Wilkerson and lrwin - WI 

This section discusses the Wilkerson and Irwin (WI) heuristic [Wil71] which is based 
on the Wilkerson and Irwin decision rule. This rule describes the properties of adjacent 
pairwise exchange with respect to tardiness; it determines whether a lot needs to be 
placed in front of another lot to minimize the total tardiness. Consiclering the sequence 
of jobs i and j, the WI-rule states that both jobs should be scheduled in EDD-sequence, 
unless 
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Job k Non-scheduled EDD-list U 

Sequenced list S 

Figure H.2: Sequenced list S, non-scheduled list U and jobs i, j and k. 

(H.2) 

where T is the total process time of all jobs scheduled in front of job i and j. If equa
tion (H.2) holds, the job with the shortest process time should be scheduled fust, re
gardless of its due date. Assuming job i has an earlier due date than j, both jobsneed 
to be sequenced in EDD-order if the following condition holds: · 

(H.3) 

The WI algorithm uses this Equation H.3 as a decision rule in the procedure that com
pares pairwise job exchanges during the construction of the MDD sequence. 

The procedure uses two ordered lists as depicted in Figure H.2. List S contains al
ready sequenced jobs, list U holds the non-scheduled jobs. The jobs in U are ordered 
in EDD-sequence. In this procedure, there are three important jobs: 

• Job i, which is the last job in list S, 

• Job j, which is the fust job from list U, 

• Job k, which is the second job from list U. 

The procedure for placing a job from list U in the sequenced list S contains of two basic 
steps: 

1. Selection of the pivot job from U 

2. Placement of pivot in sequence S. 
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Figure H.3: Schematic representation WI algorithm. 

Ad 1: The pivot job is selected from the fust two jobs from the non-scheduled list U 
Gob j and k). Equation H.3 is applied to job j and k todetermine which of these is 
the pivot job that should be placed in sequence S. If job k must be placed in front 
of j, job j is placed back in list U, and job k becomes the new job j . Otherwise, job 
j is selectedas the pivot job and kis placed back in U. 

Ad 2: The exact position of the pivot job j in sequence S is determined iteratively. Ob
viously, if there are no jobs inS, the pivot job can directly be placed in S. How
ever, if there are already sequencedjobs in S, the position of job j is depending 
on the other jobs in S. First, condition H.3 is applied to the last job of S, job i 
and the pivot job j. If job i needs to be placed in front of j, job j can simply be 
added at the tail of S. However, if job i should be placed after j, it is removed 
from sequence S and added to list U according to EDD-order. If there are jobs 
leftin S, condition H.3 needs to be applied to the new last job of S and the pivot 
job, until job j is placed or until S contains no more jobs. 

A schematic representation of the WI algorithm is depicted in Figure H.3. The fol
lowing section discusses an application of the Ant Colony System to SMTTP. 

H.S Ant Colony System - ACS 

In this section, an application of Ant Colony System for SMTTP [Bau99] is concisely 
discussed. This application is based on the Ant Colony Optimization meta-heuristic 
addressed in Appendix C and in [Dor99]. Experiments have proven that this approach 
significantly outperforms allleading heuristics. 
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The power of ACS lies in the simplification of the graph descrihing the construction 
of the job sequence. An exact representation of the SMTIP leadstoa very complex 
construction graph. Therefore, hlstorical information about jobs already added to the 
sequence is neglected and only the position i of job j is considered, regardless of which 
jobs have been scheduled previously. This results in a simple two dimensional matrix 
to represent the desirability to chose job j to be sequenced at position i. 

Solution generation 

The construction of feasible solutions (sequences) by artificial ants is strongly similar 
to the approach addressed in Section C.2. The most important charaderistics with re
spect to the ACS approach are presented here. 

The initîal pheromone intensity To is defined as: 

1 
To = ' n · TEDD 

(H.4) 

where TEDD is the total tardiness for the sequence generated using the EDD rule. The 
Modified Due Date heuristic is used for the heuristic information 1Jij: 

(H.S) 

Remark that T does not represent any kind of pheromone intensity, it denotes the total 
process time of already sequenced jobs according to the notation used in Section H.3. 
The transition probability P;j that job j is selected for sequence position i is given by: 

(H.6) 

where N; is the set of non-scheduled jobs. An important difference with Section C.2 is 
the introduetion of the tunable parameter q0 E [0, 1 J and the random variabie q which 
is uniformly distributed over [0, 1]. If a sample from q is larger than q0, the transi
tion probability( H.6) is applied. On the contrary, if the sample is equal to or smaller 
tan qo, the job with the highest probability is chosen directly without consiclering the 
transition probability. 

Local search 

Local search on the solutions generated by the ants is performed by a pairwise swap 
method. The pairwise swap may either be applied to all jobs or, altematively, only 
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to adjacent jobs (Adjacent Pairwise Interchange strategy). Furthermore, it is possible 
to apply one of these two local search methods to all sequences generated or only to 
the best sequence of the current iteration. Experiments have shown that application 
of pairwise swap of all jobs tobest sequence only yields the best cernpromise between 
performance and computational effort. 

Pheromone update 

The pheromone update strategy is similar to the Ant Colony System strategy [Dor97]. 
This implies the global pheromone update is defined as: 

Tij(t + 1) = (1 - p )Tij(t) + pf!Tij(t), (H.7) 

where: 

fiTi,·(t) = { 
0
+ for arcs (i, j) belonging tothebest solution found so far (H.S) 

otherwise, 

and T is the total tardiness of the best solution found so far. Notice that it is possible 
that this best solution is resulting from earlier iterations; in this case, the current itera
tion did not improve the best solution. The local pheromone update can be expressed 
as: 

Tïj(t + 1) = (1- p)Tïj(t) + pfiTo, (H.9) 

where To is defined by Equation (H.S). 

Parameter settings 

The performance of the ACS algorithm is strongly depending on the parameter set
tings used. Preliminary testing is unfortunately inevitable in most cases. However, 
for SMTTP problem instances of 120 jobs, the following parameter settings have been 
shown to ensure an efficient optimization process by [Dor97]: 

• Ant colony size m = 20 

• Pheromone weight factor a = 1 

• Beuristic weight factor [3 = 2 

• Pheromone decay p = 0.1 

• Transition selection parameter qo = 0.9. 



Appendix I 

PIICmax algorithms 

A selection of algorithms for solving PJICmax problems is discussed in this appendix. 
This type of problems is encountered during the assignment of piek runs to pickers. 

The definition of PllCmax is discussed fustinSection 1.1. Sections 1.2 and 1.3 address 
two approxirnation algorithms, while an application of the optimal branch and bound 
algorithm is discussed in Section 1.4. Section 1.5 addresses a sub-optimal algorithm 
using local search, which is denoted as Workload Balancing in this research. 

1.1 Minimization of maximum completion time- PI!Cmax 

The piek run scheduling problem comes down to assigning r piek runs to m piekers 
while minimizing the maximum completion time (Cmax) of the piek runs. Denoting 
piek runs as jobs and piekers as processors, this problem is equivalent to scheduling r 
independent jobs non-preemptively on m identical, parallel processors. This problem 
can be characterized as a number partition problem and is denoted as PllCmax accord
ing to the three-field notation introduced by [Gra79]. 

The PJICmax problem is proven to be NP-hard by [Gar79]. As a consequence of being 
NP-hard, calculation of guaranteed optimal solutions can require large computational 
efforts. If guaranteed optimality is not obliged, approximation methods (heuristics) 
can be useful. Application of appropriate heuristics can result in near-optimal ap
proxirnations within only fractions of the time needed to find the optimal solution. 
However, the quality of approxirnations is often proportional to the computational ef
forts required. The following section deals with one of the most simple algorithms for 
PllCmax, Largest Process Time (LPT). 
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Assign job with max p 
1---+1 

to processor with min w 

Figure I.l: Schematic reprèsentation LPT algorithm. 

1.2 Largest Process Time - LPT 

The Largest Process Time (LPT) heuristic [Gra69] is a simple and fast approximation 
methad for solving PIICmax· LPT is basically a sequencing rule that schedules jobs in 
sequence of decreasing process times; jobs with the largest processing times are as
signed first to the processor with the lowest current workload. Denoting the list with 
unassigned jobs as U, the current workload of processor j is called w j and the process 
time of job i is denoted by p;. Using these variables, LPT can be represented schemati
cally as depicted in Figure I.l. 

Performance of the LPT-heuristic is in accordance with the computational efforts: rather 
low. LPT can be useful whenever the time available for scheduling is very limited, but 
in situations with more time available, the use of more complex methods can result in 
much better (shorter) schedules. An example of a more sophisticated method is the 
Largest Differencing Method, which is discussed in the following section. 

1.3 Largest Differencing Metbod-:- LDM 

The Largest Differencing Method (LDM), also known as the Karmarkar-Karp Differ
encing Method [Kar82], is basedon combining partial solutions basedon the difference 
in subset-sums (current processor workload). Each partial solution A contains m sub
sets, where a subset is regarded as a set of jobs assigned to a processor. 

The algorithm starts with r partial solutions, each containing a single job. The problem 
is solved in r - 1 iteration steps. In each iteration step, the two partial solutions for 
which dA is maximal are combined toa new partial solution, where dA is the differ
ence between the maximum and minimum subset sum in A. This new partial solution 
is formed by joining the subset with the smallest sum from partial solution 1 with the 
subset with the largest sum from solution 2, the second smallest with the second largest 
and so on. After n- 1 iterations, only one (complete) solution remains. Figure !.2 il
lustrates LOM with an example containing 3 processors and 8 jobs. The subsets are 
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Figure I.2: Visualization of successive iterations of LOM algorithm [Mic02]. 

given for each partial solution, and the numbers inside the cirdes denote dA for the 
corresponding partial solution. 

Although the largest differencing method has been reported to be the best practical 
polynomial-time approximation algorithm from an average-case perspective [Chr95], 
the performance has been proven to be only marginally better than LPT [Mic02]. There
fore, LOM is not interesting enough to include in this research as an alternative to LPT. 
The following section addresses a branch and bound algorithm yielding optima! solu
tions for PIICmax· 

1.4 Branch and Bound - BNB 

Since the scheduling problem PIICmax is NP-hard, finding the guaranteed optima! so
lution often requires large computational efforts. The most obvious approach resulting 
in the optima! solution is evaluation of all possible partitionings. However, for r jobs 
and m processors, mr exclusive partitions exist and a brute force search results in im
practical computation times for larger instances. 

The number of evaluations can be reduced by using a branch and bound algorithm. 
Branch and bound evaluates partial solutions using a search tree, which is illustrated 
in Figure I.3. The search tree consists of r levels, each contairiing a number of nödes. 
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level 0 

levell 

level2 

level3 

level4 

levelS= r 

Figure 1.3: Structure of the brand and bound search tree for r = 5 and m = 3. 

Each node at level i contains an exclusive partitioning of i jobs over m processors, for 
which the maximum completion time can be evaluated. At level i- 1, a node can be 
branched into m new nodes, corresponding to the assigrunent of job i to one of the m 
processors. In Figure 1.3, assigning job i to processor j is illustrated by i : j. Theoreti
cally, level 1 contains m nodes, level 2 contains m2 nodes, and this results in mr nodes 
on level r. 

The optimal salution to the scheduling problem can be found by evaluating all nodes 
at level r. However, it is possible to reduce the number of nodes at level r by evaluat
ing nodes at higher levels using upper and lower bounds. During the tree search, the 
Cmax of the current best salution is denoted by the upper bound (UB) and is updated 
whenever a better salution is found at level r. In each node, a lower bound (LB) which 
equals the maximum completion time of the (sub-) partitioning in that specific node 
can be determined. 

A node can be removed from the search tree if LB ~ UB because this means that 
the Cmax of the corresponding partial salution is worse or equal tobest known com
plete solution. Evaluation of nodes bom from the current one can therefore not result 
in an impravement of the current best solution. Furthermore, there exists an average 
workload Cavg which can be obtained by rounding the sum of all processing times T 
divided by the number of processors m. Whenever a complete partitioning at level r is 
found which equals Cavg, aso-called perfect partitioning is found and the search can 
be terminated. 

The sequence in which the jobs are assigned to the processors influences the number of 
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nodes that must be evaluated. When jobs are sequenced in decreasing order, jobs with 
the largest processing time are assigned at high levels in the tree, resulting in already 
large maximum completion times at high levels. As a consequence, it is more likely 
that lower bounds exceed upper bounds at high levels, so nodes can be removed from 
the tree at high levels reducing the number of evaluations. Further reduction of node 
evaluations can be obtained by starting the tree search with an already tight initia! up
per bound UB0, close to the optimal value. For example, it is possible todetermine 
U B0 with an approximation method like LPT or LDM. 

Remark that the number of evaluations can be reduced even further by noticing that 
nodes at levels i < m can be branched into only i + 1 new nodes instead of m. For 
example, only 2 jobs are partitioned at level 2,- resulting in at most 2 processors con
taining jobs. As a result, m - 2 processors does not have any jobs at all at this level. 
Consiclering level3, job 3 can be assigned to one of the 2 processors already containing 
jobs, or to one of the m - 2 processors without a job. Because all m - 2 processors are 
currently unassigned, it doesnotmatter which of these processors receives job 3, the 
resulting partitions are equivalent. Evaluation of only one of the m - 2 possibilities 
is sufficient in this situation. Although there m' exclusive partitionings possible, there 
exist only ( ;::~ )m' independent partitionings. Figure 1.4 provides a schematic represen
tation of the algorithm. In this figure, the current level is denoted by i and evaluated 
branches are assumed to be removed from the search tree. 

Despite all evaluation reductions, the branch and bound approach can still require im
practical computation times. However, consiclering problems with only 2 processors, 
the time complexity is 0(2') which is more convenient. The Workload Balancing algo
rithm discussed in the next section uses this observation to perform iterative schedule 
improvements by a local search method consisting of optimal rescheduling of 2 pro
cessors. 

1.5 Workload Balancing - WB 

In this section, alocal search algorithm for solving PIICmax, denoted here as Workload 
Balancing (WB) [Hur04] is discussed. Optimal algorithms like BNB can require large 
computational efforts but result in guaranteed optimal solutions. The local search al
gorithm addressed in this section doesnotconstruct guaranteed optima! solutions, but 
obtains near-optimal results with relatively little efforts. 

Starting with an initial solution, local search methods are based on improving the cur
rent solution by evaluating other possible solutions in the neighborhood of the current 
one. If a better solution is found, then it is selected as the new current solution and 
possible solutions in the new, altered neighborhood are observed. When there is no 
impravement possible, the current solution is accepted as being the 'optimum' and 
the procedure terminates. Local search methods do not guarantee that the solution 
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found is the absolute (global) optimum, it is only a local optimum, implying that there 
is no better salution in the neighborhood. Crucial for the performance of local search 
methods is the definition of neighborhoods range. The range of the neighborhood de
termines which changes are allowed with respect to searching better solutions. Under 
what conditions are two solutions considered as being in each others neighborhood? 

The proposed local search method defines two exclusive solutions as being neighbors 
if their corresponding schedules only differ for two processors. This implies that the 
local search algorithm searches for better solutions by rescheduling the jobs on two 
processors. Each processor M; (i= 1, ...... m) has its own maximum completion time 
Cmax,i, which is equivalent to the workload on this processor. One can imagine that 
the overall maximum completion time Cmax can only be decreased by rescheduling a 
pair of processors containing the processor with the highest workload. The largest de
crease in Cmax duringa rescheduling step can be obtained by optimally partitioning the 
jobs over the pair of processors under consideration. The branch and bound algorithm 
discussed in Section 1.4 can be applied for obtaining the optimal partitioning for two 
processors, as the time complexity equals 0(2") which is reasonably low. 

The procedure foliowed by the local search algorithm is illustrated in Figure 1.5. The 
local search starts with an initial schedule, that can be obtained with a 'fast' approxi
mation method like LPT. First, all processors M; are sorted by increasing Cmax,i and i is 
set to 1. The next step, rescheduling, determines the optimal partitioning of jobs from 
processors M; and Mm using BNB (Notice Mm is processor with the highest workload). 
After rescheduling, it is evaluated if the new partitioning impraves the schedule (Cmax 
decreased?). If Cmax decreases, the schedule is updated and the procedure restarts. If 
there is no impravement possible by rescheduling Mm with M;, the next processor is 
chosen for rescheduling (i = i+ 1). If i equals m, all processors have been examined 
for rescheduling without improving Cmax, hence a local optimum is found and the WB 
algorithm is terminated. 

An example of the local search algorithm is illustrated in Figure 1.6. Consicier the initial 
schedule in graph (a). Processor M4 has the maximum workload (Cmax,4 = 132) and 
rescheduling with processor M1, which has the lowest workload (Cmax,1 = 72), will 
take place. The resulting schedule is shown in graph (b) (Cmax,1 = 100; CmaxA = 104). 
In this new schedule, processor 2 has the maximum workload (124) and is rescheduled 
with processor M3 (88), resulting in the schedule depicted in graph (c). Both M2 and 
M3 have a workload of 106 now, which is also the maximum completion time. Further 
rescheduling of M2 or M 3 with the other processors cannot improve the salution any 
further, thus the algorithm terminates and the schedule in graph (c) is the local opti
mum with Cmax = 106. 

Although the time complexity of optimal rescheduling is equal to 0(2"), it can become 
considerably large if the n, the number of jobs on the pair of processors, becomes large. 
This can happen occasionally during simulation experiments due toa high variability 
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Figure !.6: Example of Workload Balancing procedure. 

in the number of piek runs per trucklaad (many truckloads with a small number of 
piek runs combined with one trucklaad with a relatively large number of piek runs) 
and leads to exhaustive calculations. In these cases, the decreasein Cmax does not cam
pensa te the enormous computation efforts and therefore the maximum number of jobs 
for optimal rescheduling is restrieted to 20. Notice that this restrietion is only applied 
in a limited number of situations, since the average number of piek runs per truckload 
equals 25 in the simulation experiments with truckload size 250. Notice this leads to 
only 5 piek runs per pieker if 5 piekers are applied (Section 5.2). 

How is the restrietion to 20 jobs implemented in the Workload Balancing algorithm? 
If the number of jobs exceeds 20, all jobs are put in LPT sequence and the smallest 20 
jobs with respect to process time are selected for the branch and bound rescheduling 
procedure. The remaining,large jobs are assigned to one of the two processors in LPT 
sequence and the resulting workloads (sum of the large jobs for each processor) are 
used as a starting point for the branch and bound procedure. In this way, there are 20 
jobs available for balancing the total workloads over both processors. 

Figure !.7 shows an example of this restriction. In this example, there are 27 jobs that 
should be divided over 2 processors. In graph (a), the 7largest jobs are assigned to 
both processors in LPT order, resulting in a partial schedule. This partial schedule is 
used as the starting point for the branch and bound procedure and is depieted in dark 
green in graph (b ). The branch and bound procedure attempts to di vide the remaining 
20 jobs over the processors in such way that the resulting schedule lengths (workloads) 
are as close to each other as possible; the result is shown in graph (b) in green. Finally, 
both partial schedules are merged together which is shown in graph (c). Although it 
is known that this restrietion can slightly decrease the performance of the Workload 
Balancing algorithm, it is assumed to be necessary to prevent the simulation time to 
become impractically large for a small number of extreme situations. 
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AppendixJ 

Reliability of simulation results 

The reliability of stochastic simulation results is depending on both the simulation run 
lengthand the number of simulation replications. In this appendix, the conneetion be
tween simulation replications and run length with respect to reliability is addressed. 

A common used termination criterion in stochastic simulation experiments is the rela
tive precision. The relative precision denotes the width of the confidence interval of a 
stochastic variabie relative to the mean value of this stochast. As long as the relative 
width of the confidence interval is larger than the predefined percentage, new simula
tion runs (replications) should be performed in order to increase the reliability of the 
simulation results. 

According to [Law91], the relative precision Tp ofstochastic variabie X [s] be speci
fied as follows: 

(;2(;;ï 
t(l-a)j2,n-1 ·V --:ï'" 

Tp = x I 

with: 
t(l - a )j2,n - l Student-t distribution parameter 
n number of samples 
a: confidence interval 
s2 ( n) sample varianee 
X sample mean 

[-] 
[-] 
[-] 
[s2] 
[s]. 

0.1) 

By consiclering simulation results as a stochastic variabie and the result of each sim
ulation replication as a sample of this stochastic variable, the relative precision of the 
simulation results can be calculated after a number of replications. If the relative pre
cision is larger than defined by the termination criterion, additional replications are 
necessary. More information about the Student-t distribution can be found in [Mon99]. 
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Although relative precision can be useful for determining the number of simulation 
replications, it does not tell anything about an appropriate simulation run length for 
each replication. One can imagine that the validity of results from a single simula
tion run becomes more reliable as run length increases, because more different situa
tions can be captured in the simulation run and the influence coincidences becomes 
smaller. From this point of view, an infinite run length would yield the most reliable 
results. Unfortunately, the available simulation time is of course restricted in practice 
and therefore, a number of simulation replications with finite run length should be 
performed. As longer run lengths are assumed to result in more reliable samples, it 
can be concluded that in general, the number of replications necessary for obtaining a 
certain reliability decreases for increasing run lengths. As a result of this dependency, 
the question arises which run length minimizes total simulation time, that is the simu
lation run length multiplied by the number of replications. 

Although many run length estimators have been proposed in literature, preliminary 
testing of various run lengths can be very useful in determining a proper run length. 
In this research, the simulation run length for the scheduling experiments discussed in 
Chapters 5 and 6 is determined by trail and error using common sense. lt is important 
that the simulation run length is long enough to offer representative output, i.e. a sim
ulation run must include a certain number of observations. As long as a run length is 
chosen that results in representative simulation output, the total simulation effort (run 
length multiplied by replications) is virtually constant, except for run lengths that are 
far too long. The simulation runlengthof 20 days is chosen for the scheduling experi
ments. 

The effect of simulation teplications on the confidence interval is illustrated in Figtire J.l. 
In this figure, the outcome of 500 simulation replications is denoted by the blue circles. 
The mean value is drawn in green, both red lines represent the boundaries of the con
fidence interval after a certain number of replications. The blue circles result from an 
exponential distribution with mean 100 and the 95% confidence interval is used. lt can 
beseen that the confidence interval narrows if the number of replications is increased. 
At 250 replications, the relative width is 0.05 (5% of mean). 
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AppendixK 

Additional information simulation 
experiments 

This appendix provides additional information regarding the sirnulation experirnents 
discussed in Chapters 5 and 6. InSection K.1, the generation of data used in the sirn
ulation experiments is discussed, Section K.2 explains how the influence of process 
time variability is irnplemented in the sirnulation model. Finally, the terrnination crite
rion used in the sirnulation experirnents is discussed inSection K.3, together with the 
sirnulation run length. 

K.l Generation of experiment data 

The generation of scheduling data in the sirnulation experimentsis described in this 
section. With experiment data, a set of workloads, truckload (due) dates and corre
sponding piek run process tirnes for a schedule with a length of one day is meant. In 
the remainder of this section, samples drawn from a gamma function are denoted by 
y and sealing factors by 8. 

Generation of due dates 

Consicier the number of truckloads that must be scheduled denoted by k (k = 36 for 
m = 20 piekers and u= 1.0), then k due dates should be generated, one for each truck
load. The due dates are deterrnined by the intervals between them; due date intervals 
are assurned to be gamma distributed with a mean equal to the average workload and 
a squared coefficient of variation c~. 

In the sirnulation model, relative intervals are deterrnined fust, following by a sealing 
procedure that scales the relative interval with a factor 8 so that the surn of all intervals 
equals the lengthof one working day (the last due date coincides with the end of the 
day). The relative intervals are drawn from a gamma distribution with mean 1.0 and a 
squared coefficient of variation equal to c~. The i-th, with i between 1 and k, due date 
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interval Lld; is defined as: 

(K.1) 

where Yi is the i-th sample from the gamma distribution. The sealing factor b is given 
by: 

a 
Ó = 'Ç"S • 

""'i=l Yi 
(K.2) 

Notice that a denotes the lengthof a working day, which is set to 8 hours. Now that the 
intervals between the due dates are known, the actual due datescan be determined as 
follows: 

i 

d; = E Lldk. 
k=l 

Generation of workloads 

(K.3) 

The generation of the workloads is almost similar to the approach used for due date 
intervals. First, relative workloads are determined by drawing k samples from a dis
tribution with mean 1.0 and a squared coefficient of variation c~. Again, the relative 
workloads are scaled up to actual workloads w;, with i between 1 and k: 

(K.4) 

where Yi is the i-th sample from the gamma distribution. The definition of b is different 
from equation (K.2): 

u·m·a 
b = 5 , 

Li=l Yi 
(K.5) 

where u is the utilization of the available capacity (m ·a). 

Generation of piek run process times 

As truckloads consist of a number of piek runs, process times should be determined 
for each piek run. A trucklaad requires r piek runs and r is assumed to be depending 
on w, since large truckloads usually require more piek runs. The number of piek runs 
in a trucklaad is calculated as follows: 

(K.6) 
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where pis the mean piek run process time which is determined in Section G.4 to equal 
652 seconds (569 + 83). As the number of piek runs can only be an integer value, ris 
rounded to the nearest integer. 

The generation of the piek run process times for a truckload is carried out by taking r 
samples from the distribution derived in Appendix G for warehouse situation 1 with 
a truckload size of 250 order lines. Since the sum of the piek run times for a truckload 
should equal the corresponding workload w, a sealing procedure is applied: 

where Yj is a gamma distribution sample and the sealing factorbis defined as: 

b= w 
LJ=1 Yj 

(K.7) 

(K.8) 

K.2 lmplementation of process time variability in simulation 
model 

This section addresses the extensions added to the simulation model from Chapter 5 
in order to simulate the effects of process time variability. First, the approach used to 
simulate the effects of process time variability on the performance of static schedul
ing methods is discussed, foliowed by the implementation of the dynamic piek run 
scheduling algorithm as is discussed in the previous section. Validation of the altered 
simulation model is discussed in the last part of this section. 

Static scheduling 

A basic characteristic of static scheduling methods is that schedules are created be
fore runtime. The sequence in which jobs should be carried out is fixed, process time 
variability doesnotalter the schedule with respect to sequence. For this reason, the 
implementation of the static scheduling algorithms does not require any changes with 
respect to process time variability. 

If a schedule is determined using process time estimates, then the influence of pro
cess time variability on the performance measure (mean) tardiness can be examined 
by performing a simulation experimentbasedon this schedule. Since a schedule basi
cally consistsof a sequence of jobs with corresponding process times, variability can be 
simulated by changing the process times in this schedule. Assuming the process time 
variability to equal c2, the process time estimates in the schedule with mean J.l can be 
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Figure K.1: Example of transformation from estimated schedule toa possible actual 
schedule. 

replaced by samples from a probability distribution with mean 1-1 and a squared coeffi
cient of variation equal to c2 (see Appendix L for more information about probability 
distributions). When all process time estimates are replaced, the truckload completion 
times corresponding to the process time samplescan be determined. Tardiness can 
now be determined since both due dates and completion times are known. 

A gamma probability distribution is used to simulate process time variability, process 
time samples are drawn from this distribution. The motivation for choosing a gamma 
distribution is addressed in Appendix L. Simulation experiments are carried out for 
fixed vatiability levels, i.e. all process·time samples in a schedule are drawn from 
distributions with the same squared coefficient of variation (SCV). If the SCV equals 
c2, process time variability can be simulated by multiplying all process time estimates 
with a sample from a gamma distribution with a SCV of c2 and mean 1. This procedure 
is illustrated with an example shown in Figure K.1. 

The left schedule in Figure K.1 contains estimated process times. However, due to 
variability, the actual process times deviate from the estimated ones, yielding a differ
ent situation, which is shownon the right. The transformation from the estimated to 
the actual schedule one issimulated by multiplying estimated process times with the 
multiplication factors depicted in the middle. These factors are samples from a gamma 
distribution with mean 1 for all process time estimates. By performing this transforma
tion for the piek runs of all truckloads, a complete actual schedule can be determined 
and an observation of total tardiness can be made. As this transformation is a stochas
tic procedure, it should be performed more than once for each estimated schedule in 
order to obtain reliable results. 

Dynamic scheduling 

Only one dynamic scheduling algorithm is considered in this research, the dynamic 
LPT algorithm. The working principle is discussed in Section 6.2, the implementation 
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is equal to the regular (statie) LPT algorithm, except forthefact that the dynamic algo
rithm computes the current workloads of piekers using process time samples instead 
of process time estimates. Process time samples are created similar to the procedure 
shown in Figure K.1. Piek runs are assigned to piekers basedon their process time es
timate, but the current workloads of piekers are determined using the 'actual' process 
times. A 'dynamic' schedule, different from the original schedule results from the dy
namic scheduling algorithm. Of course, this procedure should also be repeated several 
times to obtain reliable observations with respect to the performance measures. 

Validation 

A number of changes or additions is made in order to implement process time variabil
ity and dynamic scheduling into the simulation model,. In this paragraph, validation 
of the correctness of the modified model is discussed. Basically, three aspects have 
been investigated with respect to validating the simulation model: 

1. Process time variability 

2. Dynamic LPT scheduling 

3. Model behaviour. 

Ad 1: With the implementation of process time variability, the generation of thema
trices with multiplication factors is meant. Validation of this matrix generation 
can be carried out easily, since there are only two things important. First, these 
matrices should contain multiplication factors for each piek run, i.e. the matrix 
dimensions must be equal to the dimensions of the matrix containing the process 
time estimates. Secondly, the mean of the multiplication factors should be equal 
to 1.0; the squared coefficient of varlation should be the same as the one speci
fied. The generation of multiplication matrices is examined and has been proven 
to behave as assumed. 

Ad 2: Validation of the dynamic LPT algorithm is performed straightforward by man
ual recalculating of simulation results. Similar to the validation of static piek run 
scheduling algorithms (Section 5.1), the behaviour of dynamic LPT is validated 
using 10 instances containing 25 piek runs that should be assigned to 5 pickers. 
Additionally, a squared coefficient of variation equal to 1.0 is applied. The im
plementation of the dynamic LPT algorithm has been proven to work correctly 
in these instances. 

Ad 3: The interaction between different processes in the model is denoted as model 
behaviour. Relevant questions in this context are: Is mean tardiness calculated 
right? Is the transition from estimated to actual schedules performed correctly? 
Does the outcome of the simulation model makes sense? 
The answer to all these questions can be found by performing test experiments. 
Therefore, a simulation experiment is carried out using a utilization of 1.0, 10 
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Figure K.2: Results test experiments. 

pickers, c~ = 10° and c~ = 10-1. The behaviour with respect to process time 
variability is checked by simulating for 8 different SCVs ranging from 0.0 to 4.0. 
With respect to validation, only EDD I - I LPT, EDD I - I WB and EDD I -
I dLPT are considered. 
The simulation results are shown in Figure K.2. The red line represents LPT, blue 
isworkload balancing and dynamic LPT is denoted by the green line. Basedon 
this figure, it can be concluded that the modelbehaves correctly. For c~ = 0 (no 
process time variability), dLPT yields the same tardiness as LPT, around 1250 
seconds. Furthermore, the influence of process time variability is very obvious. 
The mean tardiness T increases rapidly for increasing c~ for static scheduling; the 
benefits of dynamic scheduling become very clear for higher c~. 

Based on the observations described above, it can be concluded that the model behaves 
correctly. The model correctly simulates the effects of process time variability and the 
behavior of the various scheduling algorithms. The termination criterion used in the 
simulation experimentsis addressed tagether with the simulation run length in the 
next section. 

K.3 Termination criterion I simulation run length 

In this section, the determination of the simulation run length is addressed. Simulation 
run length denotes the lengthof time that is simulated in a single run. Since the perfor
mance indicator of the experiments, the mean tardiness per truckload T, is determined 
per schedule, the smallest possible run length equals one day (that is one schedule). 
However, in most situations, a longer run length is desirable. 
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As the input for simulation experiments consists of stochastic variables, simulation 
results can also beseen as stochastic variables. The mean tardiness resulting from a 
simulation run is only representative for the specific situation in that run. For this rea
son, it is necessary to cover as many as possible different scheduling situations in one 
simulation run, so that the simulation result is basedon a great variety of situations. 
As an example, one can imagine that the mean tardiness resulting from a one day sim
ulation run is nota good representation of the actual mean tardiness, it only represents 
the mean tardiness for days with the same scheduling characteristics. 

Replication of simulation experiments with the same setup can be very useful for 
reducing stochastic effects and improving the estimate of the performance indicator. 
A frequently used approach regarding replications is simply performing simulation 
replica ti ons until the value of the performance indicator is reliable enough. Appendix J 
discusses the relative precision, a measure for the reliability of performance indicators 
based on the width of the confidence interval with respect to the mean value. 

For the simulation experiments, a 95% confidence interval with a relative width smaller 
than 0.1 is assumed to be sufficiently reliable. However, the simulation run length is 
still not determined. As shown in Appendix J, the number of required replications de
creases for longer run lengths, but longer runs also require more simulation time and 
the question is what run length yields the minimum total simulation time (of all runs 
together). Obviously, a campromise between replications and run length is necessary. 
With respect to the simulation experiments for analyzing scheduling performance, pre
liminary convergence tests have shown that a simulation run length of 20 days results 
in efficient convergence for the wide variety in experiment characteristics. Although 
every experiment setup has its own optimal run length (different from the chosen run 
length), a runlengthof 20 days is expected to lead to acceptableconvergence times for 
all simulation experiments. 
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Appendix L 

Motivating the application of the 
gamma distribution 

The simulation experiments described in Chapters 5 and 6 contain three continuous 
random input variables: the workload associated with a truckload, the due date in
terval and the piek run process time. The stochastic behaviour of all three variables is 
simulated by taking samples from a gamina distribution. The reasons for choosing a 
gamma distribution are discussed in this appendix. 

First, the definition of variability is presented inSection L.l together with the param
eters commonly used the quantify variability. Section L.2 discusses three continuous 
probability distributions that could be used for one of the random input variables in 
the simulation experiments. The last section, Section L.3 motivates why the gamma 
distribution is chosen. 

L.l Defining and quantifying variability 

What does variability mean exactly? A formal definition of variability is: the quality 
of non-uniformity of a class of entities [HopOO]. This implies that variability denotes 
the deviation in successive observations of a certain quantity. If all observations are 
equal, the quantity can be considered to be a constant and there is no variability; if the 
observations deviate from each other, the quantity is a random variabie and therefore 
contains variability. 

In statistics, a number of parameters is used to quantify the variability of a random 
variable. The variability of a random variabie can be quantified by evaluating the 
charaderistics of its probability distribution. The probability distribution of a random 
variabie X describes the probability that a sample of X has a certain value. Although 
there are many probability distributions, they can always be characterized by the same 
set of parameters: 
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• Mean 
The mean value of a random variabie is the average of all observationso Usu
ally, the true mean is not known exactly but if we have n observed values of the 
random variabie X, then the mean can be estimated by: 

X= Ei=I X; 0 

n 
(L.1) 

Herein, X; represents the i-th observation and n is the total number of observa
tionso 

• Varianee 
The variability or scatter of a number of observations is quantified by the vari
anceo Varianee measures the squared deviation of observations around the mean 
value: Again, the exact varianee can be estimated by s2 based on a number of 
observations: 

n ( - 2 
52 = Li=1 X; - X) 

(n -1) 
(L.2) 

The positive square root of varianee is called standard deviation So 

• Squared coefficient of varlation (SCV) 
To define whether a random variabie has small or large variability, the ratio be
tween the varianee and the mean is of importanceo For this reason, the coefficient 
of variation (CV) is introducedo If we let f.1. denote the mean and (]' the standard 
deviation, the coefficient of variation is defined by: 

(]' 
C=- o 

f.1. 
(L.3) 

In many situations, the squared coefficient of variation (SCV) is more convenient, 
in this research only the SCV is considered: 

(L.4) 
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Obviously, the mean of a variabie has got a strong influence on the measure for varia
bility, the squared coefficient of variation. For this reason, it is always important to put 
things in the right perspective. For example, consider a product that is processed in 
two successive operations. Both operations have got a mean process time of 1, but the 
fust process time is constant. The process time of the second operation is a random 
variabie with mean 1 and a varianee equal to 0.5. The SCV of the second process time 
equals 0.5, which implies that the process time of this operation has got a relatively 
large variability. However, if we look at the total process time of the product, the mean 
becomes 2 while the varianee remains 0.5. This leads to a decrease in SCV by a factor 4 
(~ = 0.125) and the total process time variability turns out to be relatively small. This 
simple example illustrates the large influence of the mean on the amount of variability. 

L.2 Continuons probability distributions 

Three different continuous probabilitydistributions are discussed in this section. A 
continuous probability distribution is determined by the probability density function 
(POF). The POF f(x) can be used to describe the probability distribution of a con
tinuous random variabie X. If an interval is likely to contain a value for X, then its 
probability is large and it corresponds to large values for f(x). The probability that X 
is between a and bis determined as the integral of f(x) from a tob. Now the defini
tion of the probability density function is discussed, a number of distributions can be 
addressed. 

Continuons uniform distribution 

The continuous uniform distribution is the most simple continuous probability distri
bution. The random variabie X is uniformly distributed between the lower bound a 
and the upper bound b if all values in this range have equal probability. The POF of 
the uniform distribution is defined as: 

1 
f(x) = -b -, a:::; x:::; b. 

-a 
(L.5) 

The mean and varianee of a continuous uniform random variabie X over a :::; x :::; b are: 

a+b 
f.1 = -2-, 

2 (b- a)2 
C7 = 12 . 

(L.6) 

(L.7) 

The squared coefficient of variation of the uniform distribution is depending on the 
ratio between a and b. A uniform distribution with mean 1 is drawn in Figure L.1 for 
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three ratios: a = 0, a = !band a = ~b. If a = 0, the random variabie doesnothave 
a minimum value, it is allowed to become zero. The SCV for this situation equals ~ 
exactly. The other situation, where a = ~b, implies that the random variabie has a 
fixed part equal to 50%, the minimum value is 50% of the mean, the maximum value 
is 150% of the mean. In this situation, the SCV reduces to l7 which is relatively low 
variable. Notice that if a should be larger than zero, the maximum SCV of a continuous 
uniform dis tribution is restricted to ~. 

Normal distribution 

The normal distribution is a very widely used distribution which is also known as the 
Gaussian distribution. The probability density function of the normal distribution is 
characterized by-the symmetrie bell shape around the mean. In contrast to the uniform 
distribution, the range of the normal distribution is not restricted. The POF of the nor
mal distribution is defined as: 

1 -(x7)2 
J(x) = --e 2u , -oo S x S oo, 

../2M 
(L.8) 

where the mean is denoted by f.1 and the varianee by 0"2• Although the normal dis tribu
tion has got an unlimited range, it is possible to 'restrict' the range to only positive val
ues since negative values for X are not desired in this context. According to [HopOO], 
the probability that X is positive is larger than 99.85% as long asO" < ~f.l and f.1 > 0. 
However, notice that this leadstoa squared coefficient of variation smaller than !, so 
the random variabie experiences only low variability. Figure L.2 shows the uniform 
distribution with f.1 = 1 and O" = ~'i and !· 

Gamma distribution 

The gamma distribution is a distribution which uses properties of the gamma function. 
The range of the random variabie X is restricted to [0, oo], which means that X cannot 
become negative at all. The gamma function is given by: 

r(r) = fooo xr-le-xdx, r > 0. (L.9) 

The probability density function for the gamma distribution can be expressed as: 

with the mean and varianee determined as: 

r 
f.1 = ;;-' 

(L.10) 

(L.11) 
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Figure L.l: Probability density function of uniform distribution for various parameter 
settings. 
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(L.12) 

An important property of the gamma distribution with respect to the sirnulation ex
perirnents in this research is that the squared coefficient is not restricted. Gamma dis
tributions are able to describe high variabie random variables. In Figure L.3, gamma 
distributions are shown with a mean J.L = 1 and SCV equal to 0.1, 0.5, 1 and 2. It is mo
tivated in the next section why a gamma distribution is chosen for the three random 
variables in the simulation experirnents. 

L.3 Motivation for choosing a gamma distri bution 

In the sirnulation experirnents, a gamma distribution is applied for describing the 
stochastic behaviour of the three random variables: workload (of truckloads), due date 
interval and piek run process time. The reason for choosing one and the sarne proba
bility distribution forthese three random variables is discussed in this section. 
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Befare an appropriate distribution can be chosen, it is important to define the con
ditions that the distribution should fulfill. All three random variables require the same 
conditions: 

1. The probability distribution should be continuous. 

2. Negative observations are not allowed. 

3. The SCV should be able to become equal to or larger than l.O. 

Both the uniform as the normal distribution cannot be applied since they cannot fulfill 
the third condition without violating the second (negative observations). With respect 
to the second condition, the maximum SCV fora uniform distribution equals ~- The 
normal distribution guarantees observations to be positive with aprobability of 98.5% 
if the SCV is smaller than .]7 which is obviously too small. 

In order to have a large squared coefficient of variation, the varianee should be large 
with respect to the mean. This means that the deviation of observations around this 
mean should be large whilst the mean is small. Since negative observations are not al
lowed, a few very large, positive observations are necessary together with many small 
observations in order to obtain a large SCV. For this reason, a continuous probability 
distribution with a range equal to [0, oo] is needed. The range of the gamma distribu
tion is [0, oo] and as it fulfills the three conditions mentioned earlier, it is considered to 
be an appropriate distribution for the three random variables in the simulation experi
ments. 

lnstead of the gamma distribution, any other continuous distribution fulfilling the 
three conditions could be used. The gamma distribution is chosen quite arbitrary, 
since there is no information available about the actual shapes of the probability den
sity functions of the three random variables. Possible other distributions that could 
have been used are the Weibull or the lognormal distribution [Mon99]. 



174 Appendix L. Motivating the application of the gamma distribution 



AppendixM 

Linear combinations of random 
variables 

The properties of linear combinations of random variables are discussed in this ap
pendix. The context for this appendix is described inSection M.l together with the 
problem description. In Section M.2, the equations for the mean and varianee of a lin
ear combination of equal random variables are derived. Finally, Section M.3 presents 
the equations in case of random variables with a different mean. 

M.l Introduetion 

Why are we interested in the properties of linear combinations of random variables? 
And what are linear combinations of random variables? First, the definition of a linear 
combination of random variables is presented. Given random variables X1, X2,. . . ,Xn 
and constants a1, a2, . . . ,an, then random variabie Y is a linear combination of X11 

X2,. . . ,Xn if: 

(M.l) 

In other words, Equation (M.l) implies that the sum of a number of random variables 
is a linear combination. But what does this have to do with the order pieking process? 

In Chapter 6, the influence of process time variability on mean tardiness is investi
gated. In is assumed in this analysis that actual piek run process times are different 
from the estimated ones used during the scheduling procedure. However, tardiness 
is not directly caused by piek run variability. Tardiness is defined as the violation of 
truckload due dates, which means that a truckload is tardy if the truckload completion 
time exceeds the corresponding due date. The truckload completion time is a linear 
combination of piek run process times as is illustrated in Figure M.l. 
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Figure M.l: Determination of trucklaad completion time from piek run process times. 

In graph (a), trucklaadT is shown, while graph (b) contains the schedule of the piek 
runs belonging to T. The truckload completion time Cr is determined by the com
pletion time of the last piek run, which is piek run 5 in this example. The truckload 
completion time can bedefinedas Cr= P3 + P4 + ps in this example, where p; is the 
process time of piek run i. 

The example in Figure M.l assumes constant piek run process times, i.e. process time 
variability is not considered. However, if the piek runs experience process time varia
bility, process times become random variables and the completion time becomes a lin
ear combination of random variables. Consiclering P; to be the random variabie de
scribing the process time of piek run i, then Cr equals P3 + P4 + Ps. Notice Cr is also a 
random variabie with an expectation or mean E(Cr) and varianee V(Cr ). 

The equations for the mean and varianee of a linear combination of random variables 
will be presented for the general situation with Y = a1X+a2X2 + ... + anXn. The ex
pectation of Y is defined as: 

(M.2) 

Assuming X1, X2, .. . ,Xn to be independent random variables, the varianee of Y is de
fined as: 

V(Y) = aiV(XI) +a~V(X2) + ... +a~V(Xn). (M.3) 
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Basedon these general equations from [Mon99], two special situations will be dis
cussed in more detail in the following sections. The purpose is to derive an equation 
descrihing the squared coefficient of variation (SCV) of Y as a function of the SCV of 
X; in order to investigate the influence of the variability in X; on Y. 

M.2 Random variables with equal SCV and mean 

In this section, the situation where Y is a sum of random variables with equal squared 
coefficient of variation and mean is discussed. We have Y = a1X1 + a2X2 + ... + anXn 
holds. If random variables X; (i = 1,2, .. . ,n) are assumed to have equal means 
(E(XI) = E(X2) = ... = E(Xn) = E(X)) and a1 = a2 = ... = an = 1, Equation (M.2) 
reduces to: 

E(Y) = nE(X). 

Furthermore, the squared coefficients of variation of X; are also assumed to be equal: 

or 

Application of E (X;) = E (X) leads to: 

V(XI) = V(X2) = ... = V(Xn) =V( X), 

and substitution in Equation M.3 leads to: 

V(Y) = nV(X). 

The resulting squared coefficient of variation of Y, denoted c~, can now be defined as: 

d = V(Y) = nV(X) = .!_. c2 
y E(Y)2 n2E(X)2 n x· 

(M.4) 

From Equation (M.4) can be concluded that c~ is linearly depending on the redprocal 
of n fora certain value of c~. This means that the squared coefficient of variation of 
Y reduces if the number of random variables that are summed in Y increases. This 
condusion holds at least in case of random variables with equal mean, Section M.3 
investigates the situation in which the expectations of random variables X; are not 
equal. 
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M.3 Random variables with equal SCV and different mean 

In the previous section it was assumed that all random variables X; (i = 1, 2, ... , n) 
had equal expectation and SCV, which led to Equation (M.4). Unfortunately, the ran
dom variables that determine the completion time of a truckload (the piek run process 
times) do nothave equal expectations. The expectation of a piek run process time that 
is used in scheduling (the estimated process time), is a sample from a distribution that 
approximates the behavior of real piek run process times. Section G.4 contains the piek 
run process time distributions of various warehouse configurations. 

In the scheduling procedure, the estimated (or expected) process time of a piek run 
is applied, although the actual process time is assumed to be different as aresult of 
process time variability. The process time of a piek run can therefore be considered as 
a stochastic variable. Consicier X; to be the stochastic variabie descrihing the process 
time of piek run i. The expectation of the process time, E (X;), cl etermines the estimated 
process time used for scheduling. As the estimated process times are sampled from a 
gamma-distribution in the simulation experiments, E(X;), which denotes the expecta
tion of stochast X;, can be seen as a stochastic variabie itself. 

If it is assumed that stochast A represents the distribution of estimated process times, 
than E(X;) can beseen as a sample of A. Consicier E(A) to be the expectation of A, 
than E (X;) can be defined as: 

where a; is a (scaled) sample of A. The random variabie X0 is defined here and has an 
expectation equal to the average estimated process time (E(Xo) = ao · E(A), ao = 1). 
In the remainder of this section, E (A) can therefore be exchanged by E ( X0 ). 

If the truckload completion time Y is again considered equal to X1 + X2 + ... + Xn, 
then the expectation of Y can b~ defined as: 

n 

E(Y) =al· E(A) + a2 · E(A) + ... + an · E(A) = La;· E(A). (M.S) 
i=l 

As a; is considered as a sealing factor and the expectation of process time estimate is 
equal to E(A), it follows that the expectation of a; is equal to 1.0, that means that a; 

equals 1.0 on average. This leads to: 

n 

[a;= n, 
i=l 

and together with E(Xo) = E(A), Equation M.S reduces to: 

(M.6) 
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E(Y) = n · E(Xo). (M.7) 

Although the expectations of the piek run process times are different from each other, 
it is assumed that the variability level is constant for all piek runs, which means the 
squared coefficients of variation are equal for each X;: 

and therefore 

V(X;) V(Xo) 
-

E(X;)2 E(X0 )
2. 

By applying E(X;) = a;· E(Xo) and a0 = 1.0 by definition, the varianee of X; can be 
expressed as a function of V ( X0): 

2 a. 2 
V(X;) = -1· V(Xo) =ai · V(Xo) . 

ao 

and the varianee of Y can be written as: 

n 

V(Y) = V(X1) + V(X2) + ... + V(Xn) = LaT· V(Xo). 
i=l 

(M.8) 

With the results in Equations M.7 and M.8, the squared coefficient of variation of Y can 
be written as: 

2 V(Y) Lt=l aT· V(X) Lt=l aT 2 c---- - ·c 
Y- E(Y)2 - n2. E(X)2 - n2 Xo· 

(M.9) 

The dependency of c~ on 4 can be expressed in terms of n and the mean and varianee 
0 . 

of a by substitution. The term Lt=l aT can be replaced by: 

n 

LaT= nE(ai)2 + (n -l)V(a;). (M.lO) 
i=l 

The proof of equation (M.lO) is constructed by substituting the definition of V(ai) fust: 

i~ aT= nE(a;)2 + (n -1). Lt=l (~=~(a;) )2. 

Substitution of E(a;) = 1leads to: 

n n n 
LaT = n + LaT - 2 L ai + n, 
i=l i=l i=l 
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and eventually, Equation M.6 results: 

n 

n= [.a;. 
i=l 

Substitution of Equation (M.10) into (M.9) combined with E(a) = 1 results in the fol
lowing relation between c~ and c~: 

2 n+(n-1)V(a) 2 
Cy= 2 ·CXo. 

n 
(M.ll) 

Por a better understanding, Equation (M.ll) requires two remarks. The fust one is that 
fora certain warehouse situation, V(a) equals the scaled variability in the estimated 
piek run process times. If the absolute process time estimates are described by A, V (a) 
can be determined via: 

1 
V(a) = E(A) 2 • V(A), 

where V (A) is the absolute variation in the process time estimates. Purthermore, notice 
that c~0 is actually representing the squared coefficient of variation of process time 
variability which is denoted as c~ in Chapter 6. 

In Pigure M.2, the ratio * is shown as a fuitction of n and V(a) . lt appears that the 
x 

number of random variables n has got a larger influence on this ratio than the varianee 
of the process time estimates, V(a). 

In the context of the order pieking scheduling problem, this observation implies that 
the influence of process time variability is expected to increase if the number of piekers 
in a team increases. This can be explained as follows: each trucklaad consists of a fi
nite number of piek runs which are processed by a team of pickers. If the number 
of piekers in this team increases, the average number of piek runs processed by one 
pieker decreases. Notice that if the completion time of a piekers is denoted by Yin this 
Appendix, and the number of piek runs determining this completion time by n. 

2 

Por larger teams, n decreases and hence, the ratio J. becomes larger. The result is 
ex 

that on average, the influence of piek run process time variability, quantified by c~, on 
the pieker's completion time Y becomes larger. In other words, the squared coefficient 
of variation of Y increases. Although teams should be as large as possible in order 
to minimize average truckload completion times, the differences between schedules 
based on estimated process times and the actual processing of piek runs are expected 
to become larger for larger team sizes. 
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Figure M.2: Factor ~ as a function of n and V(a) . 
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